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Sammanfattning

Högtalaren uppfanns för över 150 år sedan men de högtalare som används idag
bygger till stora delar på samma teknik. Högkvalitativt ljud har traditionellt upp-
nåtts genom att ge högtalaren goda akustiska egenskaper genom att tillåta den att
vara stor och tillverkad av dyra material. Utmaningen idag ligger i att högtalare
finns inbyggda i exempelvis mobiltelefoner, vilket innebär att de behöver göras
små, lätta och billiga att producera. För att möta dessa krav har kompromisser
krävts vilket gör att dessa små högtalare, kallade mikrohögtalare, har sämre ljud-
kvalitet. Ett problem är att de olinjäriteter som finns i alla högtalare blir extra
framträdande i små högtalare vilket leder till distorsion och övertoner i ljudsig-
nalen.

Detta examensarbete är gjort i samarbete med Opalum (tidigare Actiwave), vil-
ket är ett företag som specialiserar sig på att med hjälp av digital signalbehand-
ling förbättra ljudkvaliteten för högtalare med akustiskt dåliga egenskaper. Syf-
tet med examensarbetet har varit att minska distorsionen i en mikrohögtalare
med hjälp av olinjär reglering. Fokus har legat på den lägre delen av frekvensban-
det, under resonansfrekvensen, eftersom det är där distorsionen är mest märkbar.
Först har en olinjär modell av högtalaren tagits fram genom systemidentifiering.
Modellen förklarar sambandet mellan spänningen över högtalarens talspole och
membranets utslag. I ett nästa steg har en regulator designats utifrån modellen
och regulatorns effekt på distorsionen har utvärderats genom experiment. Två oli-
ka modellstrukturer har undersökts, dels en fysikalisk modell baserad på Thiele-
Smallmodellen och dels en svartlådemodell med Hammerstein-Wienerstruktur.
I båda fallen har olinjäriteterna modellerats som polynom. Regulatorn har sedan
utökats med en uppdateringsalgoritm som gör den adaptiv.

Experiment har visat att regleringen bidrog till att minska distorsionen med upp
till 60 % jämfört med då systemet kördes utan reglering. Effekten har varit störst
för låga frekvenser, kring en tredjedel av resonsnsfrekvensen, men förbättringar
har kunnat ses upp till frekvenser kring två tredjedelar av resonansfrekvensen.
Både metoden med en fysikalisk modellstruktur och med en svartlådestruktur
har visat likartade resultat.

iii





Abstract

Loudspeakers were invented over 150 years ago, but the loudspeakers used today
are still based on the same ideas. Traditionally, good sound quality has been ob-
tained by using expensive materials in the loudspeakers and by allowing them
to be big. However, nowadays loudspeakers are wanted in applications such as
mobile phones and tablets where size and weight are very limited and there is a
constant desire to decrease production costs. Special small loudspeakers, known
as micro loudspeakers, have been developed for this purpose but due to the se-
vere restrictions in size and manufacturing costs, the sound quality in the micro
loudspeakers is relatively poor. One problem is that the nonlinearities of the
system, present in any loudspeaker, become more evident in the case of micro
loudspeakers and cause noticeable distortion of the sound.

This master’s thesis has been performed in cooperation with Opalum (formerly
Actiwave), a company specializing in using digital signal processing to improve
the sound in loudspeakers with poor acoustic properties. The objective of the
thesis is to investigate ways to increase the sound quality in micro loudspeakers
by using nonlinear control. Focus has been on frequencies below the resonance
frequency since the distortion is more noticeable at low frequencies. First, a non-
linear model of the micro loudspeaker has been obtained using system identifi-
cation strategies. The model describes the relationship between the voltage over
the voice-coil and the diaphragm displacement. Subsequently, input-output lin-
earisation has been used to design a controller for the system and the effect on
the distortion has been investigated through experiments. Two different model
structures have been tested, a physical model based on the Thiele-Small model
and a black-box model with a Hammerstein-Wiener structure. In both cases, the
nonlinearities were modelled as polynomials. The controller was then extended
with an updating algorithm, making it adaptive.

The efficiency of the controllers has been proved by experiments, where distor-
tion was decreased by up to 60 % compared to the case without control. The ef-
fect was largest for low frequencies, around one third of the resonance frequency,
but improvements were noted up to about two thirds of the resonance frequency,
depending on the loudspeaker unit. The approach using a physical model and
that using a black-box model have shown similar results.
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Notation

Notations

ak k:th feedback parameter of physical model
Bl Linear force factor

Bl(xd) Nonlinear force factor
fc Mechanical force on the diaphragm [N]
fs Resonance frequency [Hz]
f0 Frequency at minimum impedance [Hz]
i Current through the voice coil [A]
iref Reference current as input to controller [A]
Kms Linear stiffness of loudspeaker suspension [N/m]
k(xd) Nonlinear stiffness of loudspeaker suspension [N/m]
Le Voice coil inductance [H]
Re Voice coil resistance [Ω]
Rms Mechanical resistance in loudspeaker [Ns/m]
Rmax Maximum impedance [Ω]
u Voltage over the voice coil [V]
ue Estimated voltage [V]
uref Reference voltage as input to amplifier [V]
xd Diaphragm displacement [m]
ẋd Diaphragm velocity [m/s]
ẍd Diaphragm acceleration [m/s2]
σu Characteristic gain of discrete, physical voltage func-

tion
σx Characteristic gain of discrete, physical position func-

tion
ζ Damping ratio
ωs Resonance frequency [rad/s]
ωz Resonance frequency of a system normalised to the

sampling frequency of a digital system [rad/s]
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Abbreviations

AC Alternating current
DC Direct current
FIR Finite impulse response
IIR Infinite impulse response

IMD Intermodulation distortion
OE Output error

THD Total harmonic distortion

Models

BMi-u Nonlinear model based on the black-box model struc-
ture, estimated on Speaker i with u as input and xd as
output

BMi-x Nonlinear model based on the black-box model struc-
ture, estimated on Speaker i with xd as input and u as
output

OEi-u Linear model based on the OE model structure, esti-
mated on Speaker i with u as input and xd as output

PMi-j Model based on the physical model structure, with lin-
ear parameters from Speaker i and nonlinear parame-
ters from Speaker j. The models have u as input and
xd as output.



1
Introduction

1.1 Background

In recent years the market for mobile phones and tablets has emerged and grown
at impressive speed, making it one of the principal domains of technical devel-
opment. Huge advances have been made with regard to touchscreens and user
interfaces. Lately, focus has been on screen resolution, but some manufacturers
now claim that they have reached the level where further improvement cannot be
perceived by the human eye [Hermann, 2010]. In the race to improve and develop
new features that can be used to sell new phone and tablet models, the focus has
now shifted to improving the sound quality in the built-in micro loudspeakers.

The design of loudspeakers date back to the invention of the telephone almost
150 years ago, but the basic principle is still the same. The loudspeaker is an
electro-mechanical system where an electric current through a coil placed in a
magnetic field creates a force that moves a membrane causing the air around it
to move. The exact dynamics are somewhat complicated as the system is nonlin-
ear and time variant [Klippel, 2006, Pedersen, 2008], though it has often been
approximated by linear models in applications. The nonlinearities do, however,
cause the output from a loudspeaker to contain more frequencies than the input.
This phenomenon is known as distortion and can make the loudspeaker output
unpleasant to listen to. These nonlinearities become more significant when the
size of the loudspeakers decreases, raising the issue of trade-off between size and
sound quality.

One way of facing the challenges mentioned above is to use digital signal process-
ing and active control to compensate for the nonlinearities in the loudspeaker.
It is, at least in theory, possible to achieve a perfect linearisation of a nonlinear

1



2 1 Introduction

system using a controller. A difficulty in applying this approach is that the lin-
earisation requires an accurate model of the system at all times, but the system
properties may change with temperature, ageing, etc., causing the system to drift
away even from the most detailed model. This can be solved by making the sys-
tem able to update or correct the model while in use. However, in order to put
the controller into a commercial product such as a mobile phone, the correction
process has to be done without user interaction, with a limited number of sensors
and limited computational power.

This thesis has been done in cooperation with Opalum (formerly Actiwave), a
company specializing in digital signal processing for audio applications. Their
main focus is to develop loudspeakers with unconventional designs, leading to
constraints in size, but high sound quality.

1.2 Purpose

The purpose of this thesis project was to find a controller that compensates for the
nonlinearities in micro loudspeakers, reducing the distortion and improving the
sound quality. The controller should work in spite of fluctuating temperatures
and on different micro loudspeaker units.

1.3 Previous work

The idea of linearising loudspeakers is not new and there has been plenty of work
carried out in the area. Models based on the physical design of the system have
been a topic of research for a long time and many of the models in use today can
be traced back to the work of Small [1972]. Since, much effort has gone into im-
proving the model further by including nonlinearities [Pedersen, 2008, Ravaud
et al., 2010]. Also, several ways of adjusting a more general model to a loud-
speaker have been proposed [Contan et al., 2011, Kafka and Appel, 1998, Soria-
Rodriguez et al., 2004]. Klippel has done much work on loudspeakers, analysing
and modelling nonlinearities [Klippel, 2005], proposing controllers to compen-
sate for these [Klippel, 1997] and proving that distortion can be reduced [Klip-
pel, 1999a]. Gao and Snelgrove [1991a,b] have specialized on adaptive filters and
showed how these can be implemented on loudspeakers.

In recent years the interest has turned towards micro loudspeakers. One of the
first thorough investigations of the control of micro loudspeakers was carried
out by Bright [2002], who also implemented an adaptive controller and showed
that it reduced distortion. Even though working prototypes have been built, they
seem to have required too many sensors or too much computational power to be
used in practice. However, computational power has become cheaper since and
devices such as mobile phones and tablets already contain processors and if these
can be used no additional hardware is required.

A study closely related to the present one was started in the master’s thesis of
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Jakobsson and Larsson [2010], also in cooperation with Opalum. They modelled
a loudspeaker by considering the physical properties of the system and had the
properties of one loudspeaker unit measured at a specialized lab. Based on the
model, they proposed a control strategy and also proved its validity in simu-
lations though never in experiments. The study was continued at Opalum by
Arvidsson and Karlsson [2012] in their master’s thesis. They reviewed the work
by Jakobsson and Larsson [2010] and added a few ideas on control strategies.
Simulations showed promising results for several of the strategies and some of
the strategies also worked in experiments on the system, reducing distortion for
frequencies up to 40 Hz. However, even though the control worked well enough
on the particular loudspeaker unit that had been used during the measurements
for the model parameters, it did not work very well when tried on other, slightly
different, loudspeaker models. Changes in the system caused by temperature
fluctuation or ageing were not covered by the model either.

1.4 Approach

In the master’s theses previously written in cooperation with Opalum, the ap-
proach has been to base the model on the physical description of the loudspeaker
and to get parameter values provided by a third party. The measurable signals
have only been voltage and current. In this thesis, an additional signal, namely
the diaphragm position measured with a laser, was available. This extra measure-
ment made it easier to carry out system identification, meaning that the parame-
ters in the model were tuned to make the model output as close to the true output
as possible for a given input. This approach is much cheaper than measuring the
properties one by one and hence more suitable for commercial use.

Another difference between this thesis and the work done by Arvidsson and Karls-
son [2012] is that previously the design of the controller has been based on one
loudspeaker unit and when this controller has been tested on other units the re-
sults have not been very good. Since the model could not adapt to a different
unit, the results were solely dependent on the robustness of the controller over
the parameters that varied from one loudspeaker to another. The variations of
parameters within the same unit due to fluctuations in temperature etc., were
not taken into consideration either. In this thesis the objective was to design a
controller that in some sense is adaptive, to make it work over a wider range of
loudspeaker units, models and conditions.

The calibration of the model was done in two phases. In Phase I, a laser mea-
surement of the exact position of the diaphragm was available in addition to the
voltage and current in the voice coil. The aim in this phase was to calibrate the
model using system identification. Even in a commercial application, this will be
done in a laboratory environment with external processor units at hand and no
severe limitation in computational power. The idea was that it should only be nec-
essary to do this once for every new loudspeaker model that the controller is to
be used on. In Phase II, the laser measurement was removed and the model was
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maintained accurate using only feedback of the current. This phase is entered
as soon as the controller is applied to a loudspeaker in a device such as a phone
or tablet and the aim is to keep the parameters on track with respect to tempera-
ture changes, ageing, etc. The adaptability in this phase will also need to handle
the individual differences between different units of the same loudspeaker model.
Since the aim was to make it possible to implement this phase on a commercial
device with limited computational power, focus was on making it simple.

In the previous theses, the loudspeaker model has been based on an understand-
ing of the physical properties of the system. In this thesis two different modelling
philosophies were investigated and compared. The idea of basing the model on
an interpretation of the physical system was maintained, but in parallel a solu-
tion based on a more generic model structure, a so called black-box model, was
tested.

1.5 Limitations

To fit the project to the time schedule and to specify the scope more clearly a few
limitations had to be made. Firstly, only closed box enclosures were considered.
A vented box would require a more complicated model, but since most micro
loudspeakers in practice use the closed box design, the extra effort was consid-
ered to be of little use. Secondly, it was not part of the purpose to explicitly
model the power amplifier connected to the loudspeaker. Its dynamics was be
considered linear and models were kept as simple as possible.

The fact that the controller was meant to be implemented on commercial prod-
ucts put some limits on what methods could be considered. In Phase II, the only
measurement that was available was the current through and the voltage over the
voice coil. The fact that the plant was not fully observable has to be taken into
account when designing the controller. Also, when running on a device such as a
mobile phone or a tablet, the computational power is limited. This put a practical
limitation on the complexity of the models and controllers that could be used.

There is an ongoing discussion about whether distortion is always a bad phe-
nomenon or if a certain level of distortion could be pleasant to the human ear. It
is also argued what level of distortion can be tolerated [Boer et al., 1998]. This
thesis does not aim to give any answers to these questions. Instead, it was as-
sumed that the present levels of nonlinear distortion in existing products are too
high and methods for reducing these as much as possible were investigated.

1.6 Thesis outline

The outline of the thesis is as follows.

Chapter 2 - Micro loudspeakers: The design and structure of a micro loud-
speaker is presented, along with what is known about the parameters and the
nonlinearities from previous research.
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Chapter 3 - Loudspeakermodelling: The ideas of system identification are intro-
duced and model structures that have been used in previous research to model
loudspeakers are presented. Algorithms for linearisation through feedback con-
trol are discussed along with theory on adaptive algorithms.

Chapter 4 - Results of physical and black-box modelling: The approach for
finding a suitable model for the micro loudspeaker is presented along with the
resulting models. A linear model is first found and then extended to include
nonlinearities. Both physical models and black-box models are evaluated.

Chapter 5 - Feedforward controller design and results: Feedforward controllers
are designed based on the models found in the previous chapter and their perfor-
mance is evaluated. The robustness of the controllers is also discussed.

Chapter 6 - Adaptive controller design: Methods for introducing feedback to
make the controllers from the previous chapter more robust are discussed. The
possibilities and limitations that come with implementing the controller on a
mobile phone or tablet are addressed.

Chapter 7 - Summary and conclusions: After a short summary of the results
from previous chapters, the two approaches of physical modelling and black-box
modelling are compared and the advantages and disadvantages of each are dis-
cussed. A general conclusion about the achievements of this thesis is presented
along with proposals for future work.





2
Micro loudspeakers

The basic description of the system studied during the work with this thesis is
given in this chapter. A cross-section of a micro loudspeaker is presented along
with its most common nonlinearities and their effect on the output. In the end of
the chapter, parameter drift due to different causes is discussed.

2.1 The electrodynamic loudspeaker

A loudspeaker is an electroacoustic transducer converting electrical energy into
sound pressure by letting an electrical signal create a magnetic force inside the
loudspeaker. This causes movement of the diaphragm, which in turn produces
the sound pressure [Bai and Huang, 2009]. The focus of this thesis was on micro
loudspeakers, which are small, thin electrodynamic loudspeakers designated for
mobile phones, tablets and similar devices.

A cross-section of a micro loudspeaker is given in Figure 2.1. The magnetic circuit
(1) generates a magnetic field (2). A coil called voice-coil (3) is placed in this field
and when a current i passes through it, a magnetic force fc is created which will
make the voice coil move. Since the diaphragm (4) is attached to the voice coil,
this will also move and its displacement is denoted xd . The diaphragm is attached
to the frame (5) by a suspension (6) limiting the displacement and bringing the
coil back to the original position when the force is reduced [Bright, 2002].

2.2 Nonlinearities in micro loudspeakers

Although the loudspeaker design might vary over a wide range of shapes and
sizes, according to Pedersen [2008] the same modelling concept can be used for

7



8 2 Micro loudspeakers

Figure 2.1: A cross-section of a micro loudspeaker showing the basic com-
ponents.

all loudspeakers as the basic mechanisms of all electrodynamic loudspeakers are
the same. However, Klippel [2005] argues that this is only true for the linear
model, while the nonlinearities in electrodynamic loudspeakers are of different
importance depending on the loudspeaker type. According to Klippel [2012] the
most important nonlinearities in micro loudspeakers are the force factor Bl(xd),
the compliance Cms(xd), often referred to by its inverse the stiffness Kms(xd), and
the mechanical resistance Rms(ẋd), all which are described in more detail below.
In some publications by Klippel [2006] and several other publications such as
Bright [2002] and Ravaud et al. [2010], the mechanical resistance has not been as-
sumed nonlinear but instead the inductance Le(xd) of the voice coil has been men-
tioned as the third most important nonlinearity in loudspeakers. However, both
Klippel [2005] and Bright [2002] conclude that in the case of micro loudspeakers
this factor is weakly nonlinear with a contribution to the total non-uniformity of
only 2-4 % and it can therefore often be neglected.

2.2.1 Force factor, Bl

The coupling between the electrical and the mechanical domain can be described
by the force factor Bl(xd) where B is the flux density, l is the coil length and the
product Bl can be written as a function of the displacement of the voice coil xd .
This function is linear for very small displacements but nonlinear outside this
domain [Klippel, 2005]. As can be seen in Figure 2.2 it reaches its maximum
value at xd = 0 and decreases towards higher displacements. The shape depends
on the height of the voice-coil compared to the depth of the voice-coil gap. If
the height is equal to the depth of the gap, any displacement of the coil will
move some windings outside the gap and the force factor will be reduced. If the
coil is constructed to be higher then the gap depth, a design known as overhang,
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the number of windings in the gap will be constant for small displacements of
the coil but for displacements large enough to make windings leave the coil, the
force factor decreases more quickly.

Figure 2.2: The general shape of the force factor Bl as a function of the dis-
placement of the coil according to Klippel [2012] and Bright [2002].

2.2.2 Stiffness, Kms
In order to keep the voice coil in place and to move it back to its rest position,
loudspeakers use a suspension system which creates a restoring force F = Kmsxd
that is a function of the displacement xd . Typically, the stiffness function has a
minimum at xd = 0 and increases with higher displacement, but in the case of mi-
cro loudspeakers the stiffness function increases with forward displacement and
decreases with rearward displacement [Bright, 2002]. The characteristic shape of
the stiffness for a micro loudspeaker can be seen in Figure 2.3.

2.2.3 Mechanical resistance, Rms
The mechanical resistance Rms(ẋd) depends on the velocity of the voice coil cre-
ated by the air that flows through rear-side vents and the turbulence caused
thereby. The function is illustrated in Figure 2.4 [Klippel, 2012].

2.3 The effect of nonlinearities on the output

A typical nonlinear behaviour in loudspeakers is the generation of new frequency
components. These components can be seen if the Fourier transforms of the input
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Figure 2.3: The general shape of the stiffness Kms as a function of the dis-
placement of the coil according to Bright [2002] and Klippel [2005].

Figure 2.4: The general shape of the mechanical resistance Rms as a function
of the velocity of the coil according to Klippel [2012].
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and output signals are computed and the spectra are analysed. A typical output
spectrum for an input signal containing two fundamental frequencies, f1 and f2,
that are sufficiently far apart(f1 << f2) is shown in Figure 2.5.

Figure 2.5: A typical spectrum of the output from a loudspeaker, generated
by a two-tone stimulus. The components labelled HD show harmonic distor-
tion and the ones labelled IMD show intermodulation distortion.

As shown in this figure, new frequency components are introduced at multiples
of the fundamental frequencies. This phenomenon is known as harmonic distor-
tion. Components are also generated at frequencies corresponding to sums or
differences between other components, a phenomenon known as intermodulation
distortion [Klippel, 2006].

In order to evaluate how well distortion is compensated for by signal processing,
a quantitative measure of the distortion is needed. One such measure is Total
Harmonic Distortion (THD), measured on a single-tone input. There are several
definitions of THD, but for practical reasons it was decided to define THD in
accordance with how it is computed in Labview. Labview is a software tool that
was used during implementation and evaluation of the solutions in this thesis.
With this definition, the THD is defined as

THD =

√
m∑
n=2
|P (njω1)|2

|P (jω1)|
(2.1)
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where P (njω1), n = 2, ..., m, is the root mean square value of the n:th harmonic
and P (jω1) is the root mean square value of the fundamental signal. The highest
harmonic m, is in theory infinite but in practice the sum is truncated after a
suitable number of terms, depending on the application. The THD is calculated
from the signal from the microphone since this is the signal most closely related
to sound quality.

The measurement Intermodular Distortion (IMD) is defined as

IMD =

√
∞∑
n=2

(|P (jω2 − (n − 1)jω1)| + |P (jω2 + (n − 1)jω1)|)2

|P (jω2)|
according to Labview and is measured on a two-tone signal with frequency com-
ponents at ω1 and ω2. There are several different standards for how to chose the
frequencies in the signal and the amplitude ratio between the frequency compo-
nents.

2.4 Parameter drift in micro loudspeakers

The values of the parameters in the loudspeaker are time-varying and change
with external factors such as temperature or humidity, as well as with age and use
[Pedersen, 2008]. In order to find a model that fits a micro loudspeaker over time
and over varying conditions, this has to be taken into account. The parameters
also vary from one loudspeaker to another from the same production line due
to manufacturing tolerances [Bright, 2002]. If a model is supposed to work on
several loudspeaker units this parameter spread also has to be considered.

2.4.1 Temperature dependency

Pedersen [2008] has conducted several experiments to test how the loudspeaker
parameters vary with temperature. Although the experiments were carried out
on a bigger loudspeaker with slightly different design, the results can give an indi-
cation of where there may be dependencies in a micro loudspeaker too. The effect
of the temperature on the force factor, voice coil inductance and stiffness was in-
vestigated and it was found that the effect on the first two was neglectable. The
stiffness, which Pedersen defined through suspension compliance Cms = K−1

ms, did
show some variation but the changes were not consistent and no general conclu-
sion could be reached. It is known, however, that there is a considerable amount
of heat generated inside the loudspeaker when it is in use, especially at high
amplitudes [Zuccatti and Bandiera, 2009]. It is likely that this internal heating
affects the stiffness more than ambient heating.

2.4.2 Parameter spread

Pedersen [2008] has also compared measurements from several loudspeaker units
of the same type to see the spread due to manufacturing tolerances. The parame-
ter with the largest spread was found to be acoustic resistance, followed by stiff-
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ness, mass and force factor. The electrical resistance and the voice coil inductance
had the smallest spread. Since this study was conducted on larger speakers and
the production process differs significantly, the measurements cannot be applied
directly on micro loudspeakers. Nevertheless, the findings are interesting, es-
pecially as Pedersen also measured how the shape of the nonlinear parameters
differed. In Pedersen’s study, the force factor, voice coil inductance and stiffness
were considered nonlinear. It was found that the parameter spread in the force
factor only changed the offset displacement but that the shape of the nonlinear
function was the same for all units, whilst the spread in the stiffness affected the
shape of the function slightly. Since the spread in the voice coil inductance was
small, no general conclusion could be reached on the shape of the function.





3
Loudspeaker modelling

This chapter treats the theory required for estimating a model of a loudspeaker.
An introduction to system identification is given first, followed by previous work
on physical modelling, both linear and nonlinear. After that, modelling micro
loudspeakers according to a black-box approach is treated. In the end of the
chapter, the theory of linearisation and adaptive algorithms is given.

3.1 System identification

System identification is the process of finding a model that will give a similar
output as the system for a given input. Since it is usually not worth the effort to
find a model that will work under any conditions, determining the domain and
the accuracy that is required for a model to work in the intended application is
an important first step when identifying a system [Ljung and Glad, 2004].

3.1.1 Model structure

According to Ljung and Glad [2004], there are two fundamentally different ap-
proaches to finding a suitable model structure, physical modelling and black-box
modelling. In physical modelling the system is broken down into subsystems
with known behaviour, which can be described by physical laws such as Kirch-
hoff’s laws or Ohm’s law in the case of electronics or Newton’s law in the case of
a mechanical system. Black-box modelling assumes no knowledge of the under-
lying system, and its parameters are estimated by only using input and output
data of the system. The two approaches are presented in Sections 3.2 and 3.3.

15
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3.1.2 Experiment design

The experimental data used to find suitable values for the parameters are nor-
mally the in- and output signals from the system. Therefore, it has to be decided
which outputs are to be measured, what input signal is to be used, which sam-
pling frequency would be suitable and how long the measured data set has to be
[Ljung and Glad, 2004].

Choosing the input signal is one of the critical parts of the experiment planning.
The signal needs to excite the system over all the frequencies that are of interest
in the intended application, with the highest signal power at those frequencies
that are important to the system. For a nonlinear system it is also important
that all amplitudes of interest are present in the signal. For identification of
parameters in loudspeakers, Bright [2002] has found that white noise works well
whilst Klippel [1999b] seems to use multi-tone sinusoidal signals.

3.1.3 Parameter estimation

One common way to do parameter estimation is the prediction error method. In
this method, for every value of the parameter vector θ containing the parameters
that will be estimated, the model will give a prediction of the output. This predic-
tion will be denoted ŷ(t|θ) and compared to the actual output y by using an error
function ε(t, θ) = y(t) − ŷ(t|θ). Using a whole set of inputs and outputs, it can
be evaluated how well the model can describe the system for every given θ. The
optimal parameter values are given by the θ that minimizes some cost function
VN (θ), that is

θ̂N = argmin
θ

VN (θ)

where

VN (θ) =
1
N

N∑
t=1

l(ε(t, θ))

and the function l(ε(t, θ) is any positive scalar function, for example l(ε(t, θ) =
ε2(t, θ). N is the number of samples in the data set Ljung and Glad [2004].

If ŷ(t|θ) is a nonlinear function of the parameters, there is in general no explicit
solution to this problem. However, several algorithms for finding θ̂N numerically
are available [Gustavsson et al., 2010].

3.1.4 Validation

Although the method for parameter estimation presented above gives the best
possible model to fit the system, given that the data used are representative of the
system, it can only provide a model as good as the model structure permits. An
important part of system identification is to try several different model structures
to find one capable of describing the system well enough. Comparing different
model structures and deciding which, if any, is good enough for the intended use
is known as model validation [Ljung and Glad, 2004]. In the validation, a set of



3.2 Physical models 17

data, known as validation data, is used. This is a different set of data than the one
used to estimate the parameters, but from the same process [Gustavsson et al.,
2010].

A straightforward way of comparing two models is to compare the value they
give VN (θ̂N ) [Ljung and Glad, 2004]. Another measurement that is often used is
it the model fit, given in percent, defined as

model fit = 100 ∗

1 −

N∑
n=1
|y(n) − ŷ(n)|

N∑
n=1
|y(n) − ȳ(n)|


where y, ŷ and ȳ are vectors of length N containing the measured outputs, the
predicted outputs of the model and the average output, respectively.

Any data series can be modelled arbitrary well if there is no limit in the number
of parameters in the model structure. However, after a certain number of param-
eters, the model is no longer adapting to the system dynamics but rather to the
realisation of the stochastic noise in the process. This is known as overfit in the
model [Ljung and Glad, 2004] or over-modelling [Gustavsson et al., 2010].

3.2 Physical models

One model structure that has been widely used when loudspeakers are concerned
is a physical model based on the understanding of how the different electrical and
mechanical components in the loudspeaker interact.

3.2.1 Linear physical model

The basic, linear model that is the foundation for most physical models today was
developed by Thiele and Small in the 1970s and thus known as the Thiele-Small
model [Small, 1972]. According to this model, an equivalent electrical circuit of
the loudspeaker model takes the form shown in Figure 3.1.

u(t)

i(t)

Re Le Mms Rms(ẋd)
Kms(xd)−1 Bl(xd)i

Bl(xd)

Figure 3.1: Model of a loudspeaker expressed in terms of electrical elements.

From this circuit, it is easily seen that the equations governing the loudspeaker
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behaviour are

u = Rei + Le i̇ + (Bl)ẋd (3.1)

(Bl)i = Mms ẍd + Rms ẋd + Kmsxd (3.2)

Sometimes an extension is made to this model, introducing the eddy current i2
and the two additional parameters R2 and L2. The eddy current is a current in-
troduced when the magnetic field caused by the voice coil penetrates the magnet
and iron surrounding the voice coil gap. Though the eddy current was included
in the model used in the thesis by Arvidsson and Karlsson [2012], it was decided
not to include it in the model used in this thesis in order to keep the number
of parameters to a minimum. Since effects of the eddy current mainly concern
high frequencies [Ravaud et al., 2010] whilst this thesis focuses on frequencies
below the loudspeakers resonance frequency, the impact of the simplification is
assumed to be small.

Figure 3.2: The measures of the impedance curve used to calculate the linear
parameters according to Granqvist’s method.

The linear parameters of a loudspeaker can roughly be estimated from geometri-
cal measurements of the impedance curve [Granqvist, 2008]. This curve can be
found by measuring the voltage and current over the voice coil while playing a
chirp signal over the interesting frequency band on the loudspeaker. The signals
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are then Fourier transformed and the transform of the voltage is divided by the
transform of the current. The magnitude of the resulting impedance typically
looks like the example in Figure 3.2. From this curve the maximum impedance
Rmax and the voice coil resistance Re can be measured, along with the resonance
frequency fs and the frequency at the minimum impedance f0. Rx is calculated
according to

r0 =
Rmax
Re

Rx = Re
√
r0

and f1 and f2 are determined by finding the frequencies at which the impedance
has the value Rx. From these values a number of intermediate parameters can be
derived as

Qms =
fs
√
r0

f2 − f1

Qes =
Qms
r0 − 1

Qts =
Qms
r0

If the mass Mms is known, the linear parameters can now be calculated according
to

Kms = Mms(2πfs)
2

Rms =
2πfsMms

Qms

Bl =

√
2πfsReMms

Qes

Le =
Bl2

(2πf0)2Mms

Granqvist [2008] suggests finding Mms by placing a known non-magnetical mass,
mp, for example a coin, on the diaphragm and measuring the new resonance
frequency, fL. The mass Mms is then calculated accoring to

Mms =
mp(

fs
fL

)2
− 1

Sometimes, the mass can be found in the specifications of the loudspeaker given
by the manufactuer.

3.2.2 Nonlinear physical model

A nonlinear model structure can be achieved by introducing the nonlinearities
discussed in Section 2.2 into the linear model. As discussed, the main nonlinear-
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ities in a micro loudspeaker are thought to be the force factor Bl, the stiffness
Kms and the mechanical resistance Rms. The nonlinearities are introduced by re-
placing the constant parameters Bl, Kms and Rms by functions Bl(xd), Kms(xd) and
Rms(ẋd). Many authors, such as Klippel [1999b] and Gao and Snelgrove [1991a],
model the nonlinearities as power series according to

Bl(xd) =
N∑
j=0

bjx
j
d (3.3)

Kms(xd) =
N∑
j=0

kjx
j
d (3.4)

Rms(ẋd) =
N∑
j=0

rj ẋ
j
d (3.5)

Where N is the highest power included in the series. The higher N is, the more
harmonics can be addressed by the model, but also the complexity increases.

3.2.3 Physical model in discrete time

In (3.1) and (3.2) derived above, all time dependent quantities are defined with
respect to continuous time. However, the practical implementation of a control
system for loudspeakers on a device such as a mobile phone will be done with a
digital signal processor working in discrete time. There are two basic approaches
to the problem of controlling a continuous time system by a discrete-time con-
troller [Glad and Ljung, 2003]. One solution is to model the system and design
the controller in continuous time and subsequently discretise the controller. The
other solution is to approximate the system with a discrete-time model from the
start and then design a discrete-time controller.

There are several ways to determine the discrete time equivalent to a continuous
time system, two examples being the bilinear transform and impulse invariance.
It was, however, pointed out by Bright [2002] that neither of these methods were
suitable for real-time loudspeaker control, mainly due to computational complex-
ity. Instead, Bright [2002] approximated the system by a linear system, by simply
assuming Bl(xd) ≈ Bl(0), Kms(xd) ≈ Kms(0) and Rms(xd) ≈ Rms(0). He then put
much effort into deriving a linear discrete-time loudspeaker model by mapping
the system’s poles to the z-plane and fitting the frequency response for the dis-
crete system to that of the continuous-time system. The nonlinearities Bl(xd)
and Kms(xd) where then reintroduced into the discrete-time model by substitut-
ing the linear parameters for the nonlinear ones. The conclusion of this work is
an explicit difference equation for calculating the displacement from the input
voltage:

xd[n] = σx{
Bl(xd[n − 1])

Re
(u[n − 1] − Bl(xd[n − 1])ẋd[n − 1])

−k(xd[n − 1])xd[n − 1]} − a1xd[n − 1] − a2xd[n − 2] (3.6)
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Here, a1 and a2 are feedback coefficients derived from the resonance frequency
and damping ratio of the loudspeaker and σx is the z-domain characteristic sen-
sitivity calculated to make the gain of the discrete-time model match that of the
continuous-time model. The model (3.6) only includes the nonlinearities in the
force factor Bl(xd) and the suspension stiffness Kms(xd). Bl(xd) can be modelled
in the same way as presented in the previous section, but the stiffness nonlinear-
ity is changed to be represented by

k(xd[n − 1]) =
N∑
j=1

kjxd[n − 1]j

Note that there is no component j = 0, since the linear part of Kms is already
integrated in (3.6) through the linear parameters σx, a1 and a2.

One complication with the discrete-time model presented in (3.6) is that the di-
aphragm velocity ẋd is required to calculate the position. This signal cannot be
measured so it has to be estimated from old values of xd . Bright [2002] solves this
by using the Laplace transform

L {ẋd(t)} = sX(s)

followed by bilinear transform

s =
2
Ts

1 − z−1

1 + z−1

where Ts is the sampling period, giving

ẋd[n] =
2
Ts
xd[n] − 2

Ts
xd[n − 1] − ẋd[n − 1] (3.7)

Inserting (3.7) into (3.6) leads to an instability, corrected by Bright by approxi-
mating (3.7) with

ẋd[n] =
2
Ts
xd[n] − 2

Ts
xd[n − 1] − a0ẋd[n − 1] (3.8)

where a0 is set to a positive value less then unity.

By combining the expressions (3.6) and (3.8), a model without dependency on ẋd
can be obtained. Though not stated explicitly in his thesis, this was probably the
approach followed by [Bright, 2002]. The expression (3.6) can be rearranged to

ẋd[n − 1] =
1

Bl(xd[n − 1])
u[n − 1]

− Re
σxBl(xd[n − 1])2 xd[n]

− (a1 + k(xd[n − 1]))Re
σxBl(xd[n − 1])2 xd[n − 1]

− a2Re
σxBl(xd[n − 1])2 xd[n − 2] (3.9)
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This can then be advanced one sample giving

ẋd[n]=
1

Bl(xd[n])
u[n]

− Re
σxBl(xd[n])2 xd[n + 1]

− (a1 + k(xd[n]))Re
σxBl(xd[n])2 xd[n]

− a2Re
σxBl(xd[n])2 xd[n − 1] (3.10)

Given that the sample frequency is high enough compared to the rate of change
in xd , the simplifying approximations Bl(xd[n]) ≈ Bl(xd[n − 1]) and k(xd[n]) ≈
k(xd[n − 1]) can be made. The right-hand side of expressions (3.9) and (3.10)
can then be inserted into (3.8), substituting ẋd[n] and ẋd[n − 1]. Rearranging the
resulting expression, a model for the diaphragm position xd[n] is obtained,

xd[n] =
σxBl(xd[n − 1])

Re
u[n − 1]

+a0
σxBl(xd[n − 1])

Re
u[n − 2]

−
(
σxBl(xd[n − 1])2

Re

2
Ts

+ a1 + a0 + σxk(xd[n − 1])
)
xd[n − 1]

−
(
−σxBl(xd[n − 1])2

Re

2
Ts

+ a0a1 + a2 + σxa0k(xd[n − 1])
)
xd[n − 2]

−a0a2xd[n − 3] (3.11)

All values in the discrete-time model can be calculated from the parameters of
the model in continuous time by matching the poles of the mechanical part of the
system. Bright [2002] factorizes the s-domain transfer function of the system as

1

s2Mms + sRms + 1
Kms

=
1

Mms

1
(s − λ1)(s − λ2)

(3.12)

and expresses the poles as

λ1, λ2 = −2πfsζ ± i2πfs
√

1 − ζ2 (3.13)

where fs is the resonance frequency. He then shows that the discrete-time approx-
imation of the transfer function will have the form

σx
1 + a1z−1 + a2z−2 (3.14)

and that, letting Ts be the sampling period and putting ωz = 2πfsTs, the coeffi-
cients a1, a2 and σx can be expressed as
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a1 = −2e−ωzζ cos(ωz
√

1 − ζ2) (3.15)

a2 = e−2ωzζ (3.16)

σx = Kms(1 + a1 + a2) (3.17)

Bright [2002] has showed that this model works to reduce distortion at frequen-
cies close to the resonance frequency on a micro loudspeaker similar to the one
used in this thesis.

3.3 Black-box models

There are also examples in the literature of loudspeakers modelled using black-
box model structures. These models have the advantage that nothing about the
loudspeaker needs to be known on beforehand.

3.3.1 Linear black-box models

There are several types of linear black-box models. The most commonly known
are Auto Regression-eXternal signal (ARX), Auto Regression-Moving Average-
eXternal signal (ARMAX), Output-Error (OE) and Box-Jenkins (BJ). The differ-
ence between these model structures is how noise and disturbances are chosen
to be modelled, which in practice corresponds to where the noise is considered
to enter the system. Ljung and Glad [2004] present an overview of the model
structures. In the Output-Error model, the noise is assumed to be added to the
signal after it has passed through the system, giving the following structure

y[n] =
B(q)
F(q)

u[n] + e[n]

where

B(q)
F(q)

=
b1q
−nk + b2q

−nk−1 · · · + bnbq
−nk−nb+1

1 + f1q−1 + · · · + fnf q
−nf

The numbers nk , nb and nf correspond to the delay, the order of the numerator
and the order of the denominator respectively. The estimated output ŷ is given by
setting the error e to its expected value. The error is often assumed to be caused
by white noise with expected value 0 and ŷ is then given by simply eliminating
the error term [Ljung and Glad, 2004].

3.3.2 Nonlinear black-box models

There are different ways of building a nonlinear black-box model, one being to
add a nonlinear block before and/or after a linear block as illustrated in Fig-
ure 3.3. The figure shows two different model structures known as Hammerstein
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Figure 3.3: The structure of a Hammerstein-Wiener model.

and Wiener models; a Hammerstein structure consists of a dynamic linear sys-
tem with a static nonlinearity at the input while a Wiener system has a static
nonlinearity at the output [Nelles, 2001]. The nonlinearities can be modelled as
separate blocks connected with the linear block. If there is a nonlinearity at both
the input and the output, the system is called Hammerstein-Wiener [Wills et al.,
2013].

The Hammerstein-Wiener model has previously been used by Lashkari and Pu-
ranik [2005] to reduce distortion in loudspeakers, showing very successful results
in simulations. They did experiments with a Wiener model consisting of a linear
model in series with a third-degree polynomial as the nonlinear part. The linear
block was a FIR filter of order 150. An advantage of the Hammerstein-Wiener
model is its simplicity and the fact that the linear and nonlinear parts are clearly
separated. According to Bright [2002] and Pedersen [2008], the parameters that
are the most time variant are linear, meaning that it might be enough to update
the linear dynamics to make the model adapt to the changes in the loudspeaker.
If so, the updating algorithm could become relatively simple and computation-
ally easy, due to the fact that the linear and nonlinear blocks are separated. A
disadvantage of Hammerstein-Wiener models is that the nonlinearities are static
and do not have memory. Therefore, they may not model the intermodulation
distortions sufficiently [Lashkari and Puranik, 2005].

Another type of nonlinear black-box models is the Volterra model. This is a very
general nonlinear function, where all possible combinations of passed inputs are
provided in the model structure [Kafka and Appel, 1998]. A rather general form
of the filter can be written as

y[n] =
M−1∑
v1=0

h1[v1]u[n − v1] + · · · +
M−1∑
v1=0

. . .
M−1∑
vp=0

hp[v1, . . . , vp]u[n − v1] . . . u[n − vp]

where hp is the p-dimensional coefficient matrix found by experiment and M the
memory length determined by the designer. Several attempts have been made us-
ing Volterra networks to reduce distortion in loudspeakers. Sankar and Thomas
[2007] showed promising results in simulations, but when trying the method in
experiments several problems were encountered. Tsujikawa et al. [2000] did ex-
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periments that showed better results, reducing the second harmonic significantly.
However, Tsujikawa’s model could only address distortion up to the second har-
monic and the exponentially growing complexity limits the practical possibility
of extending the model to address higher harmonics. The harmonics that can be
addressed depends on the degree p of the model, and the number of parameters
that have to be determined by experiment are of the order Mp [Kafka and Appel,
1998]. Attempts on simplifying the model have been made by Kafka and Appel
[1998], but even though a loudspeaker model was used as an example to prove
the performance of the simplified model, this example was too small to prove
that the nonlinearities were in fact well modelled. Based on the model’s uneven
performance in previous work, it was decided not to try this approach in this
thesis.

3.4 Linearisation

Since the purpose of this thesis was to linearise a system, it was necessary to de-
fine what is meant by linearisation. Often approximate linearisation is done by
approximating a nonlinear system at an operating point, generating a linear sys-
tem valid for values close to this point. In the case of a loudspeaker, the operating
point would be xd = 0 and the approximate linear model would only be valid for
small displacements. However, limiting the displacement of the diaphragm is
equivalent to limiting the sound volume and a loudspeaker that cannot be heard
is not of much use.

Another way of linearisation, known as exact input-output linearisation, can be
achieved if an accurate model of the system including the nonlinearities is avail-
able. A feedback loop that compensates for the nonlinearities can then be applied,
resulting in a system that behaves as a linear system [Glad and Ljung, 2003]. It
should be noted that despite the name, the linearisation will only be as good as
the model it is based on. Since it is practically impossible to find an exact model,
the linearisation will not be perfect.

The fundamental idea for exact input-output linearisation in continuous time is
to describe the system by a state space model and then differentiate the output un-
til it depends directly on the input u. The formulation and equations for this can
be found for example in Glad and Ljung [2003]. Exact linearisation in discrete
time is based on the same idea, but the formulation is slightly different [Bright,
2002]. Assuming that the system can be described by a model on the form

x[n + 1] = f (x[n]) + u[n]g(x[n])

y[n] = h(x[n])

the output at time n + 1 is given by

y[n + 1] = h(x[n + 1])

= h(f (x[n]) + u[n]g(x[n]))
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If the derivative of the right hand side is not zero, so that

δy[n + 1]
δu[n]

, 0

then an input-output link is established and the input can be rewritten in terms
of the output. This makes is possible to find a u that will generate the desired x,
for example, make x identical to the output that would have been generated by a
linear system. If the derivative is zero, the next output sample must be computed.

y[n + 2] = h(x[n + 2])

= h (f (x[n + 1]) + u[n + 1]g(x[n + 1])) (3.18)

= h ((f (f (x[n]) + u[n]g(x[n])) + u[n + 1]g(f (x[n]) + u[n]g(x[n])))

The procedure is repeated until the output can be written in terms of the input.
There is not a general expression for u[n] in the discrete case, but the form of the
solution will depend on f , g and h [Bright, 2002].

3.5 Adaptive algorithms

Since loudspeakers are time-varying systems and suffer from parameter drift it is
not enough to model the system once and assume that the inverse of this model
will continue to efficiently linearise the system for ever. For the control to work,
the model has to be adaptive, continuously carrying out system identification and
updating the parameters to track the changing parameters of the system [Bright,
2002].

There are two different approaches to updating of the model. One is to perform
the system identification procedure from time to time and plug the new values
into the model. According to Haykin [1996] this has the disadvantage of requir-
ing elaborate and costly hardware when performed in real-time. Instead, an adap-
tive filter that is based on a recursive algorithm can be used. Such a filter often
depends on the value of some error function, that is to say the difference between
the predicted output and the actual output, and the parameters are automatically
updated in such a way that this error is minimized [Haykin, 1996].

Adaptive filtering of loudspeakers has been discussed by several researchers such
as Klippel [1998], Bright [2002] and Gao and Snelgrove [1991a]. A problem aris-
ing in the case of loudspeakers is that not all states can be easily observed and
used in the updating of the model. During Phase I, in a lab environment, the dis-
placement xd can be measured by means of a laser sensor, but the model needs
to be updated during Phase II when the loudspeaker is in use in for example a
mobile phone. Installing laser sensors on every unit is neither an economical
nor a practical possibility. On bigger speakers, there have been cases where the
laser has been substituted by a small accelerometer attached to the diaphragm,
providing a measure for the diaphragm acceleration ẍd . Another idea that has
been tried out is to attach a second coiling to the voice coil to measure the veloc-
ity ẋd [Klaassen and de Koning, 1968]. However, neither of these approaches is
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suitable to implement on micro loudspeakers since even a small coil or accelerom-
eter would mean a substantial increase in the mass of the moving element [Bright,
2002]. Hence, the adaptive algorithms implemented in Phase II need to run on
information only of the voice coil current and voltage which can be measured
cheaply.

3.5.1 Updating the physical model

If a physical model is used, there is a strong connection between the parameters
in the transfer function between voltage and current and that between voltage
and diaphragm position. This means that the parameters in the former transfer
function can be estimated from the measured signal, and that the parameters of
the latter transfer function can be derived from these.

Klippel [1999b] suggests a method where the diaphragm velocity ẋd is calculated
both from the current and from the voltage signal. The results are then compared
and the parameters adjusted to minimize the difference between the two. Bright
[2002] uses a different method, where either voltage is calculated from current or
current from voltage and the result is compared to the measured signal. Again,
the parameters are adjusted to minimize the difference. It was found by Bright
that out of the two, calculating the voltage from the current was the slightly bet-
ter method since it lead to somewhat simpler calculations. In analogy with the
transfer function from voltage to diaphragm position, the current-voltage func-
tion has been discretised leading to the following equation

u[n] = Rei[n] + Bl(xd)ẋd[n] (3.19)

Here, the electrical admittance Le has been neglected and according to Bright
[2002] the diaphragm velocity ẋd depends on i in the following manner

ẋd[n] = σu(Bl(xd)i[n] − k(xn)xd[n])

−σu(Bl(xd)i[n − 2] − k(xn])xd[n − 2])

−a1ẋd[n − 1] − a2ẋd[n − 2] (3.20)

where the coefficients Bl(xd), k(xd)a1 and a2 are the same as in the model (3.6).
The model (3.20) describes the relation between the voltage u, the diaphragm
velocity ẋd and the diaphragm position xd . This expression is nonlinear and de-
pendent on xd , but the linear approximation achieved by setting Bl(xn) = Bl(0)
and k(xn) = 0 is not dependent on xd . The linear expression becomes

ẋd[n] = σuBl(0)i[n] − σuBl(0)i[n − 2] − a1ẋd[n − 1] − a2ẋd[n − 2] (3.21)

and can be used for updating the linear parameters. In the expression, σu is a
sensitivity factor different from σx in (3.6), but according to Bright [2002] it can
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be expressed in terms of a1, a2, ωz and the mechanical resistance Rms as

σu =
1
Rms

1 + a1e
−iωz + a2e

−2iωz

1 − e−2iωz
(3.22)

given that the mass Mms is fixed. Again according to Bright [2002], it can be
shown that the expression (3.22) depends only on a2 and it can be approximated
by a sum and parameters pj can be found such that

σu =
Ts
Mms

N∑
j=0

pja
j
2 (3.23)

holds for all a2 of interest.

There is also a dependency on ẋd that has to be addressed since this signal can-
not be measured during Phase II and thus the error function in the updating
algorithm cannot be dependent on it. Substituting ẋd can be done by a similar
approach as was used to obtain (3.11). First, (3.19) is rearranged to express ẋd[n]
as a function of u and i as

ẋd[n] =
1

Bl(xd[n])
u[n] − Re

Bl(xd[n])
i[n] (3.24)

The expression is then delayed one and two samples, giving

ẋd[n − 1] =
1

Bl(xd[n − 1])
u[n − 1] − Re

Bl(xd[n − 1])
i[n − 1] (3.25)

ẋd[n − 2] =
1

Bl(xd[n − 2])
u[n − 2] − Re

Bl(xd[n − 2])
i[n − 2] (3.26)

Approximating Bl(xd[n − 2]) ≈ Bl(xd[n − 1]) ≈ Bl(0) and inserting (3.24)-(3.26)
into (3.21) gives an expression no longer dependent on ẋd or xd . Rearranging the
expression gives

u[n] =(Re + σuBl(0)2)i[n]

+Rea1i[n − 1]

+
(
Rea2 − σuBl(0)2

)
i[n − 2]

−a1u[n − 1] − a2u[n − 2] (3.27)

This value for u[n] estimated from i can be compared to the measured u[n] to give
an error function. Bright has implemented a recursive algorithm that updates the
parameters after each sample according to the gradient of the error function. The
resulting filter is a recursive IIR filter and Bright [2002] points out that such are
known to suffer from a number of disadvantages including risk of instability and
slow convergence rate. However, he judges these problems to be surmountable
in the case of loudspeakers since an initial guess of the parameters can be made
close to the optimal values.

If the nonlinearities Bl(xd[n]) and k(xd) in (3.19) and (3.20) were kept in the ex-
pressions, it would theoretically be possible to estimate the nonlinear shapes
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Figure 3.4: A block diagram of gain scheduling based on the theory given in
Enqvist et al. [2010].

from the signals i and u, using a recursive estimation to calculate xd . This ap-
proach was tried by Bright [2002] but he was not successful. A reason for this
might be that the term σuBl(xd[n])2 is relatively small compared to the terms
Rea1 and Rea2, making the effect of the nonlinearity almost negligible. The same
reasoning could be done for the term σuk(xd). The approximation of xd may also
be inexact, making the nonlinear terms harder to find. Due to these difficulties
and supported by the fact found by Pedersen [2008] that the shape of the nonlin-
earities do not change dramatically over varying conditions or between speaker
units, it was found reasonable to consider the nonlinear parameters static and
only update the linear parameters. In this way, only the current i has to be avail-
able to estimate the voltage ue.

3.5.2 Updating the black-box model

In the case of black-box models, there is no connection between the parameter
values of the transfer functions from u to i and from u to xd , like there is for the
physical model. The information given by the measurements of the current and
the voltage is not enough for updating the model. Instead, an approach based
on gain scheduling could be used. Figure 3.4, which follows from the theory
in Enqvist et al. [2010], illustrates the basic idea of a control system using gain
scheduling. By measuring current and voltage, a control variable could be calcu-
lated and used for choosing suitable parameter values for the controller from a
pre-defined table.





4
Results of physical and black-box

modelling

In order to linearise the micro loudspeaker, a model describing the nonlinear
behaviour of the system has to be found. The models evaluated during the work
with this thesis are presented in this chapter. The general approach in the search
for a nonlinear model has been to first find a linear model that seems to fit the
loudspeaker well and then add nonlinearities. Both physical models and black-
box models have been evaluated.

4.1 Experimental set-up

The system identification was based on data recorded using a 11x15 mm micro
loudspeaker. A more detailed description of the equipment can be found in Ap-
pendix A. For the parameter identification, mainly two types of input signals
were used, white noise and sums of sinusoidal signals. A detailed list of the dif-
ferent signal types is given in Table 4.1. The measured output signals were the
diaphragm position xd and the current i in the voice-coil. The voltage u to the
voice coil was considered as the input signal to the system in order to model only
the loudspeaker and not the amplifier. The signals used for estimation were di-
vided into two parts, where the first was used for estimation and the second for
validation. Details on how the estimation was done can be found in Appendix B.

The Total Harmonic Distortion (THD) has been used as the primary measure of
distortion in this thesis. The reason for this is that it is well defined and easy
to measure. The Intermodulation Distortion (IMD) has also been analysed, but
since this measure is highly dependent on design parameters such as the distance
between and the relative amplitude of the two frequency components f1 and f2, it
is not as easy to compare as THD. For this reason, IMD results are only presented

31
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Table 4.1: The signal types that were used for estimation and validation.
Signal type name Description
multi-sineA A sum of sines at with frequency components

spaced 50 Hz apart in the frequency band of in-
terest , equal amplitudes and random phases

multi-sineB A sum of sines at with frequency components
spaced 50 Hz apart in a somewhat more narrow
band , equal amplitudes and random phases

white-noiseA Band-pass filtered white noise in the frequency
band of interest

white-noiseB Band-pass filtered white noise in a somewhat
more wider band

white-noiseC Band-pass filtered white noise containing all of
the frequencies in the loudspeaker’s operating
range

sine Pure sine with one frequency component
double-sine Sine with two frequency components, equal am-

plitudes and random phases
chirp Sine signal where the frequency is changed with

time over the frequency band of interest

graphically. Also in the THD measure there is one design parameter, namelym in
the definition (2.1), defining at what harmonic the sum is truncated. In this thesis
m = 5 has been used in order to only include harmonics clearly distinguishable
from noise. Even so, there has been some noise in the measurements resulting in
a standard deviation in the THD values of approximately one percentage point.
Another cause of uncertainty in the THD measures was that the loudspeakers
are time-varying, meaning that their properties change with time. This lead to
the fact that not all experiments gave the same results when repeated at another
time.

4.2 Initial testing

Before attempts on finding a model were started, some initial tests were done in
order to get a better understanding of the system.

4.2.1 Distortion depending on frequency

From the loudspeaker data sheet, it was found that the distortion was higher
for low frequencies. This was confirmed by experiment, see Figure 4.1, making
it evident that the THD mainly causes problems below 500 Hz whilst it is very
small for frequencies above 1000 Hz. Some, but not all, loudspeakers show a rise
in THD around the resonance frequency at approximately 850-950 Hz.

4.2.2 Distortion depending on amplitude

The theory presented in Section 2.2 suggests that nonlinearities are more evi-
dent in signals with high amplitudes, since this causes large displacements of
the voice-coil. To investigate this, two different datasets were recorded using
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Figure 4.1: The total harmonic distortion measured for five loudspeaker
units at different frequencies with input voltage u=2.5 rmsV.
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(a) Spectra of input signals.

(b) Spectra of output signals.

Figure 4.2: The frequency spectra of two signals passed through the system
at different amplitudes and then normalized. Both signals were distorted,
seen by energy content in the output signal at frequencies that did not con-
tain much energy in the input signal. The introduced frequency compo-
nents are larger for the signal passed though the system at higher amplitude
(darker) then the one with lower amplitude (lighter). The amplitudes in the
output were 0.33 mm and 0.05 mm.

the same input signal of type multi-sineB. The only difference between the two
recordings was the gain applied at the power amplifier. In the first recoding, the
gain was set so that the output amplitude reached approximately 0.33 mm in the
peaks whilst the in the second recording the gain was turned down so that the
peak amplitude of the output only reached 0.05 mm. The magnitude plot of the
Fourier transformed and normalized signals can be seen in Figure 4.2. Though
the five fundamental frequencies are the same for both signals, it is clear that the
signal that had the higher amplitude before normalization causes much larger fre-
quency components at frequencies that are not present in the input. As expected,
high amplitudes cause more distortion in the output signal.

4.2.3 Sampling frequency

Another variable that was investigated during the initial testing was the sampling
frequency. Since the algorithms are meant to be implemented in a commercial
product where computational power is limited and costly, it is important to keep
calculations to a minimum. A lower operating frequency will require fewer cal-
culations per time unit and thus be cheaper to implement. On the other hand,
the system to be modelled is operating in continuous time and any discretisation
of this will become an approximation where the quality of the approximation is
directly dependent on the sampling frequency. If the sampling frequency is too
low the model will become inaccurate and the control algorithm will not be of
any use.
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Figure 4.3: The magnitude of the Fourier transform of a single-tone signal
clearly shows the harmonics.

A minimum sampling frequency can be found by determining which frequencies
that are of interest during control and pick out the highest frequency. As can
be seen in Figure 4.1, distortion is mainly a problem for frequencies below 500
Hz. Some loudspeaker units show a second peak with high distortion around the
resonance frequency, but this was not generally true for all units but more likely
to be a manufacturing defect on certain batches. Based on this, it was decided to
focus on reducing distortion for frequencies below 500 Hz. The harmonics of a
sine at 500 Hz are shown i Figure 4.3. As can be seen, the first few harmonics con-
tribute the most to the total distortion. The amplitude of the seventh harmonic
is only approximately one hundredth of the amplitude of the second harmonic,
meaning that even if it is reduced dramatically the effect on the THD will be very
small. Therefore, it is reasonable to limit the aim of the control to the first six
harmonics and only consider these in the model. The sixth harmonic of a 500 Hz
signal will occur at 3000 Hz, providing an upper limit on how high frequencies
are of interest. The Nyquist sampling theorem states that in order to model or
control signals with a bandwidth of 3000 Hz, the minimum sampling frequency
is 6000 Hz. This provides a theoretical lower limit on the sampling rate.
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4.2.4 DC components in output signal

The micro loudspeaker used for this thesis heats up rapidly if connected to a
signal containing a DC component. This limited the possible inputs to signals
without DC components, meaning that if a linear model was used, the output
could not contain DC components either. In an ideal loudspeaker, an AC input
will cause the diaphragm to oscillate around xd = 0, which is the position at rest.
However, because of imperfections in the construction, nonlinearities are intro-
duced which cause the diaphragm to oscillate around a value slightly different
from the rest position. This introduces a DC component in the output signal
xd giving unwanted effects when a linear model is estimated. In order to avoid
these effects, the mean value of the signal xd was removed before the linear mod-
els were estimated.

When it comes to the nonlinear models, the introduction of a DC component
could be included in the model. However, it was found that if data with the mean
removed was used also for estimating nonlinear models, the resulting models
worked better when using them in a controller to reduce distortion. For this
reason, all models in this chapter have been estimated using signals where the
mean has been removed.

4.3 Estimation of physical model

The discrete-time physical model structure (3.11) was used to find the linear
models. The model structure expresses the force factor Bl(xd) and the stiffness
Kms(xd) (through the slightly modified expression k(xd) ) as nonlinear. This is
only two of the three main nonlinearities in micro loudspeakers that were dis-
cussed in Section 2.2. Though it is theoretically possible to extend the model
to also include Rms(ẋd), this would make the model considerably more complex
and it was decided to model only Bl(xd) and Kms(xd). A linear model structure is
obtained by setting xd[n] = 0, reducing Bl(xn) to Bl and k(xd) to 0.

4.3.1 Identification of linear parameters

Some of the parameters in the linear model may be provided by the loudspeaker
manufacturer and others can be measured. However, if measurements of dis-
placement xd as well as the current i and voltage u in the voice coil are available,
a faster and simpler way to find the parameters is by estimation. The method pro-
posed by Klippel and Seidel [2001], where the frequency response of the model is
fitted to a measured frequency response, was found to work well. The excitation
signal used for the estimation was the type chirp. It was found that in order to ob-
tain parameters that made sense from a physical point of view, it was necessary to
initiate the curve-fitting algorithm with values of the right magnitude. This basic
knowledge of the parameters was found from the impedance curve using simple
geometrical measurements according to Granqvist [2008]. Since the loudspeaker
in question is a micro loudspeaker, Granqvist’s method for finding the mass Mms
could not be implemented so this parameter was initiated to the value provided
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by the manufacturer in the loudspeaker’s data sheet. The magnitude plots of both
the impedance curve (Figure 4.4a) and the force factor curve (Figure 4.4b) show
good correspondence between the estimated and the measured values. Figure 4.5
shows the measured phase compared to the estimated phase. As can be seen in
Figures 4.5a and 4.5c, the correspondence of the phase was not very good, espe-
cially not for the force factor. This was solved by adding the time delay between
the input u and the output xd to the signal xd , leading to the phase plot seen in
Figure 4.5d. This delay was used for all modelling where a simulated signal was
compared to the measured one. A similar delay on the voltage signal with respect
to the current signal was also tried, but as can be seen in Figure 4.5b no great im-
provement was achieved. In general, the parameters found by this method had
physically reasonable values and varied less than 10 % between runs.

The parameters found by this approach were the linear parameters for the Thiele-
Small model, introduced in Section 3.2.1. Based on these, the parameters for the
discrete-time model, as described in Section 3.2.3, could be calculated according
to the expressions (3.12)-(3.17) in the same section. As can be seen in Figure 4.6,
the frequency responses of the continuous-time model and that of the discrete-
time model match well for frequencies below half the sampling frequency.

The physical model with parameters estimated in this manner was able to sim-
ulate the signal xd from u reasonably well for validation signals of types Multi-
sineA, Multi-sineB and White-noiseA giving a model fit around 85 %. The elec-
tric impedance Le is neglected in the discrete-time model, something that could
potentially decrease the accuracy of the model. However, in the micro loud-
speaker used, Le is so small that it has very little impact when treating signals
with most frequency content below the resonance frequency. In order to include
Le in the discrete-time model, the time derivative of the current i has to be esti-
mated. It was considered that the inaccuracy added by an approximation of this
value would be greater than that of neglecting Le.

4.3.2 Stability of linear model

The poles of the model (3.11) estimated in the previous section depend on the
sampling rate Fs. The position of the poles for Fs = 3 000, 6 000, 12 000, 24 000
and 48 000 and the Thiele-Small parameters from Speaker 1 are shown in Fig-
ure 4.7 along with the unit circle. Note that the pole marked by a star is placed
outside the unit circle for low values of Fs, causing the model to become unstable.
Calculating the magnitude of the poles at the different points, plotting against
Fs and interpolating gives the graph in Figure 4.8. Judging from the graph, the
system becomes unstable for sampling rates below approximately 10 000 Hz, but
the position of the poles does not only depend on the sampling frequency but
also the resonance frequency, suspension damping factor, mass, etc. Since these
values vary over time and between units, it is advisable to keep well away from
the limit 10 000 Hz. It should also be noted that for high sampling rates, the
complex poles approach the value 1. This means that at very high values of Fs,
the discrete-time model will encounter numerical problems beacause it requires
an exact pole position expressed with many decimals in order to describe the sys-
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(a) Magnitude of impedance curve: the transfer function
from current to voltage.

(b) Magnitude of force factor curve: the transfer function
from voltage to diaphragm position.

Figure 4.4: The magnitude curves that were used to estimate the linear
parameters. Comparison between the measured response (solid line), the
initial guess (dotted line) and the fitted curve (dashed line).
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(a) Phase of impedance curve
without delay.

(b) Phase of impedance curve
with delay.

(c) Phase of force factor curve
without delay.

(d) Phase of force factor curve
with delay.

Figure 4.5: The phase curves corresponding to the magnitude curves in Fig-
ure 4.4. Comparison between the measured response (solid line) and the
fitted curve (dashed line).
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Figure 4.6: Comparison between the frequency response of the discrete-time
model (solid line) and the continuous-time model (dashed line).
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Figure 4.7: The positions of the poles in the discrete-time linear physical
model for different sampling rates.

tem accurately. This, and that the required computational power increases with
sample rate, show the fact that there is also a practical upper limit to the sample
frequency.

4.3.3 Robustness of linear model

The linear model derived above is based on a general model structure and adapted
to the particular speaker by the parameters that are estimated. An interesting
question is how robust the model is, that is how much a change in a parameter
will affect the performance of the model. To test this, each of the seven parame-
ters in the model (3.11) have been varied in turn and the resulting model has been
used to simulate output signals from three different input signals. The model fit
has been calculated for each simulation and compared to the model fit for the
model estimated for the speaker unit. The result is presented in Table 4.2 and
shows that the model has little tolerance for divergence in the parameters a1 and
a2, whilst changes in a0 have little effect. It can also be seen that slightly higher
values for σx and Bl or slightly lower values for Re actually improve the model
fit. This can be explained by the fact that the data set used in the robustness test
does not have exactly the same frequency content as that which the parameters
are estimated for.

4.3.4 Identification of nonlinear parameters

Estimating the nonlinear parameters proved more difficult than finding the linear
ones. The effect of the nonlinearities in the time-domain signal is not very large
since most of the system’s behaviour can be explained by the linear dynamics.
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Figure 4.8: The magnitude of the pole marked by * in Figure 4.7 for different
sampling rates (solid line) and the stability margin (dashed line).

Table 4.2: The change of the model fit as the model parameters are in turn
varied from their optimal value by the percentage given in the top row. Each
value is given as percentage change of the original model fit. Missing values
indicate that the change in the parameter lead to an unstable model.

(%) -20 % -10 % -5% -2% -1% 1% 2% 5% 10% 20%
σx -2 4 3 1 1 -1 -2 -4 -10 -21
Re -27 -11 -5 -2 -1 1 1 3 4 1
Bl(0) -1 4 3 2 1 -1 -2 -5 -10 -21
a0 -1 0 0 0 0 0 0 0 0 -
a1 -96 -91 -84 -66 -46 - - - - -
a2 - - - - -213 -24 -46 -71 - -
Ts 1 0 0 0 0 0 0 0 -1 -1
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Figure 4.9: The estimated shape for the nonlinear function Bl(xd). The rea-
son for the large difference at xd = 0 is explained by variation in the linear
parameter Bl between batches.

Because of this, the linear model has to be optimized to the loudspeaker unit and
to the signal frequency range before the nonlinear parameters can be estimated.

The excitation signal for the datasets used to estimate the coefficients Bl0 − Bl5
and k1 − k3 was the type white-noiseA. First, a dataset with a very low maximum
displacement, about 0.05 mm, was recorded. For such a small displacement the
effect of the nonlinearities is very small and the behaviour can be assumed to be
linear. The data was used to estimate linear parameters, using the parameters
found by the method described in Section 4.3.1 as an initial guess. After this,
the gain of the amplifier was turned up and data with a maximum displacement
around 0.3 mm were recorded. Keeping the linear parameters fixed, the system
identification method was then used to estimate the nonlinear parameters. The
shapes of the estimated nonlinear functions can be seen in Figures 4.9 and 4.10.

In Bl(xd) the general shape is similar between the units, as can be seen in Fig-
ure 4.9, and it is also similar to the shapes found by Bright [2002] and by Klippel
[2005]. One obvious difference between the curves in Figure 4.9 is the position
along the y axis. However, the position on the y axis is determined by the value
at xd = 0 which is determined by the linear parameter Bl. This suggests that the
main difference between the loudspeaker units is not in the nonlinear parameters
but in the linear ones.

Figure 4.10 shows similar results for all loudspeaker units except Speaker 1. How-
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Figure 4.10: The estimated shape for the nonlinear function k(xd).

ever, looking at the values that k(xd) takes on, these are smaller than 0.006 even
at the maximum value. Looking at the model (3.11), it can be seen k(xd) is multi-
plied with σx and then added to several other parameters before it is multiplied
with xd[n − 1]. Even in an extreme case, where xd is large making k(xd) big and
Bl(xd) small, the term σxk(xd) will be very small compared to a0 + a1. From this
it can be concluded that given the estimated parameters, the effect of k(xd) on the
total signal is small. This may explain the high variance in the values for k(xd)
that was estimated. When the controller is implemented, it can be tested if this
nonlinear term has any effect on the output.

4.3.5 Combining linear and nonlinear models

The estimated physical models described in this section contain one set of linear
parameters combined with one set of nonlinear parameters. As discussed in Sec-
tion 2.4, the nonlinear parameters seem to vary less with temperature or between
loudspeaker units than the linear parameters do. Figure 4.9 supports this rea-
soning, since the main difference between the curves from different loudspeaker
units is the linear parameter Bl(0), that determines where the curve crosses the
y axis. The shape of the four curves is similar, implying that there is not a very
big difference in the nonlinear parameters. Given that the nonlinear parameters
are reasonably similar, the same nonlinear parameter set can be used for all loud-
speaker units, varying only the linear parameters to get a model that fits the
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particular loudspeaker. It has to be tested if all nonlinear parameter sets work
equally well to control all loudspeakers, or if some sets are more general than
others.

Linear and nonlinear parameter sets were estimated for four different loudspeak-
ers, Speaker 1, 2, 3 and 4. Since the linear parameter set estimated on any speaker
can be combined with any of the nonlinear parameter sets, many different models
can be obtained. The models based on the physical model structure are named
PM. In order to keep the various models apart, they will be named in accordance
to the loudspeakers used to estimate the parameters. For example, a physical
model where both the linear and the nonlinear parameters were estimated on
Speaker 1 is named PM1-1, while PM1-3 is a model where the linear parameters
were estimated on Speaker 1 and the nonlinear parameters were estimated on
Speaker 3.

4.4 Estimation of black-box models

In Section 3.3, different kinds of black-box model structures were presented.
Some of these structures turned out to describe the micro loudspeaker well dur-
ing evaluation.

4.4.1 Identification of linear black-box models

In the initial phase, all the linear black-box models mentioned in Section 3.3.1
were evaluated. Even though lower frequencies were the main focus, data con-
taining a wide frequency range and subsets of this range were used during this
phase. Just as in the case of physical models, the time delay between the input
signal u and the output xd was found and compensated for before estimation
was done. All of the data sets used during the estimation of the models where di-
vided into estimation data and validation data. The signal types used were both
multi-sineA, multi-sineB and white-noiseA.

It was found that the OE model structure gave the best results in comparison to
the number of parameters needed. Based on this, the OE model was the only lin-
ear black-box structure used during the rest of the experiments. OE models with
different orders nb and nf estimated from data of type white-noiseC were evalu-
ated and the results are presented in Table 4.3. The data used for estimation and
validation were already synchronized, so nk = 0 for all models. It is clear that a
minimum of two parameters is needed both in the numerator and the denomina-
tor to properly model the system behaviour. However, extra parameters added
beyond these two give little improvement. It was concluded that nf and nb equal
to 2 or 3 would give the best OE models of the system for the given frequency
span.
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Table 4.3: The model fit of OE models of different orders of nb and nf . The
input and output signals were synchronized, therefore nk = 0.

nb nf Total number of
parameters

model fit

5 5 10 85.41 %
4 4 8 85.41 %
3 3 6 85.35 %
3 2 5 85.02 %
2 3 5 84.93 %
2 2 4 84.91 %
3 1 4 33.76 %
1 3 4 13.16 %

4.4.2 Nonlinear black-box models based on
Hammerstein-Wiener structure

One way of creating a nonlinear model based on an OE model is to add a non-
linearity according to the Hammerstein-Wiener principle. As mentioned in Sec-
tion 3.3.2, Hammerstein-Wiener models have been used for modelling loudspeak-
ers, for example by Lashkari and Puranik [2005]. They used a Wiener structure
with an FIR filter of order 150 as linear part and a polynomial of degree 3 as non-
linear part. When trying their model structure on the micro loudspeaker system,
the resulting model gave a good fit but was not of minimum phase. In order to
obtain an inverse model that is stable, all of the zeros need to lie within the unit
circle. There are methods for handling the problem of inverting a nonminimum
phase systems; Lashkari and Puranik [2005] mention two examples. Since it was
possible to obtain a model with much fewer parameters that still gave a good
model fit and was of minimum phase, it was chosen not to focus on inversion the-
ory and not to do further investigations of the different inversion methods during
the work of this thesis.

While trying to find a good nonlinear model, the best linear OE model from u to
xd was used as a starting point. Different nonlinearities on either the input, the
output or both were then added to the structure. The models were estimated in
Matlab by using the function nlhw. Other orders of nb and nf in the OE model
were also tested. The best model structure turned out to be a Hammerstein model
with a polynomial of degree 5 as input nonlinearity. Since the purpose of the
nonlinear model was to be used for linearising the system and therefore had to be
invertible, the model from u to x had to be of minimum phase as discussed in the
beginning of this section. Also, the orders of the linear part of the Hammerstein
model had to be chosen so that the inverse was proper, otherwise measurment
noise of high frequencies was amplified . The requirements were fulfilled by
choosing for example nb = 3, nf = 2 or nb = 4, nf = 3 (nk=0 as before). Note that
each order corresponds to the number of parameters to estimate, not the number
of poles or zeros. A model of order nb = 4, nf = 3 and nk = 0 will have 3 zeros
and 3 poles. An overview of the model structure is given in Figure 4.11.
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Figure 4.11: The Hammerstein model of the micro loudspeaker. The input
u is the voltage of the voice coil and the output xd is the excursion of the
diaphragm.

4.4.3 Results of the Hammerstein models

Two Hammerstein models were estimated at first, one for Speaker 1 and one for
Speaker 2. In both cases, data of type white-noiseB were used to estimate an OE
model which was used as starting point for finding a Hammerstein model with
the function nlhw. The reason for this was that when looking in the frequency
domain, a more fitting Hammerstein model was obtained if the initial OE model
was made for a larger frequency range than the one of interest. The Hammer-
stein models were estimated by using the signal type multi-sineB for Speaker 1
and white-noiseB for Speaker 2. The orders of the linear part were nb = 4 and
nf = 3 and the nonlinear function of degree 5. For convenience the models in this
section got specific names in a similar manner as the physical models. The two
models were named BM1-u and BM2-u where BM stands for "Black-box Model",
the number corresponds the number of the speaker and the letter "u" stands for
the input signal of the system, which in this case was the voltage. The shape
of the nonlinear function in Figure 4.11 differed depending on the structure of
the linear part. The function nlhw estimates the parameters in the linear and the
nonlinear block at the same time. The resulting model always turned out to be dif-
ferent compared to a model where the two blocks had been estimeted seperately.
The shape of the nonlinear function could therefore differ between the models,
even though the nonlinear dynamics in the loudspeakers are approximately the
same. Figure 4.12 shows a comparison between the pole-zero plots of the two
models and the shapes of the nonlinear functions can be seen in Figures 4.13 and
4.14.

If the number of poles and zeros was reduced, the pole-zero placement of the
model was changed along with the nonlinear function, which was adjusted both
by sign and shape. In order to illustrate this, two new models were estimated
for Speaker 1 and Speaker 2 with order nb = 3, nf = 2 and nonlinear function
degree 5. Figure 4.15 shows the pole-zero plots and the shapes of the nonlinear
functions. The model estimated for Speaker 1 has the zeros outside the unit circle
and is therefore not invertible.
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(a) The pole-zero plot of model
BM1-u.

(b) The pole-zero plot of model
BM2-u.

Figure 4.12: A comparison between the pole-zero plots of model BM1-u and
BM2-u. The placements of the poles and the zeros of the two models differ.

Figure 4.13: The shape of the nonlinear function in BM1-u.
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Figure 4.14: The shape of the nonlinear function in model BM2-u. Both the
shape of the function and the scale of the y axis are different compared to
Figure 4.13.

4.4.4 Analysis of the Hammerstein models in the frequency
domain

It was also important to evaluate the models in the frequency domain since the
main goal was to reduce the energy of higher harmonics. Figure 4.16 show an
example of how the outputs of the linear and nonlinear models differ in the fre-
quency domain.

An OE model was estimated for Speaker 2, called OE2-u, in order to compare
BM2-u with a linear model. The output of OE2-u was Fourier transformed along
with the measured diaphragm position. The amplitudes of the frequency re-
sponses are given in Figure 4.16a. The harmonics created by the system are not
modelled by a linear model. However, the nonlinear model BM2-u manages to
capture this behaviour much better, which can be seen in Figure 4.16b where the
amplitude plot of the frequency spectra of BM2-u and the measured signal xd are
shown.

4.4.5 Estimating the inverse model directly

Since the models were estimated by optimization algorithms in Matlab, there
was no guarantee that the zeros would lie within the unit circle, which is required
for getting a stable inverse model. Also, the polynomial function has to be invert-
ible, which was not always the case. One example of a noninvertible function is
given in Figure 4.17. This function was obtained when trying to estimate a Ham-
merstein model from u to xd for Speaker 3. Sometimes, it took many recordings
of data and different choices of input signals in order to meet all the requirements
for inversion. For some loudspeakers it did not seem possible to generate such a
model at all, as in the case of Speaker 3.
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(a) Pole-zero plot for the model
estimated for Speaker 1. The
number of poles and zeros and
their positions differ from Fig-
ure 4.12a.

(b) Pole-zero plot for the model
estimated for Speaker 2. The po-
sitions of the two poles and ze-
ros are somewhat similar to two
of the poles and zeros in Fig-
ure 4.12b.

(c) The shape of the nonlinear
function in the model of lower or-
der estimated for Speaker 1.

(d) The shape of the nonlinear
function in the model of lower or-
der estimated for Speaker 2. Note
that the shape is completely dif-
ferent compared to Figure 4.14
even though the pole-zero plots
have similarities.

Figure 4.15: The pole-zero plots and the shapes of the nonlinear functions
for the models estimated for Speaker 1 and Speaker 2. The orders of this
two models are lower compared to BM1-u and BM2-u. The placements of
the poles and zeros and the shape of the nonlinear functions are different
compared to Figure 4.12, 4.13 and 4.14.
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(a) The amplitude of the frequency spectra of the measured signal xd (solid line without
merkers) and the output of the linear model OE2-u (solid line with markers).

(b)The amplitude of the frequency spectra of the measured signal xd (solid line without
markers) and the output of the nonlinear model BM2-u (solid line with markers).

Figure 4.16: Comparison between the outputs of OE2-u and BM2-u in the
frequency domain.
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Figure 4.17: An example of a noninvertible polynomial. In order to invert a
Hammerstein model, there has to exist an inverse of the nonlinear function.
For every value on the y axis there can only be one corresponding value on
the x axis.

In order to avoid the complicated process of inverting a noninvertible Hammer-
stein model approximately, the approach of estimating the inverse model of the
system directly as a model from xd to u was evaluated. The model structure
was chosen as a Wiener model,where the order of the blocks in Figure 4.11 is
reversed. A model from xd to u was estimated for Speaker 3 and called BM3-x.
Different orders were tested and by choosing nb = 2 and nf = 5, a good model
was obtained. Just as in the case of the Hammerstein model, the nonlinearity was
modelled as a polynomial of degree 5. The pole-zero plot and the shape of the
nonlinear function is shown in Figure 4.18.
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(a) The pole-zero plot of model
BM3-x.

(b) The shape of the nonlinear func-
tion in model BM3-x.

Figure 4.18: The pole-zero plot and the shape of the nonlinear function in
model BM3-x.





5
Feedforward controller design and

results

In this chapter, the control structures and control laws that have been tested
are presented, along with the results on how the distortion was affected by the
control.

5.1 General control structure for voltage signal

The exact input-output linearisation described in Chapter 3 will render a system
like that shown in Figure 5.1a. The input signal to the system v is passed through
a linear model of the system, generating the signal xd,ref . In an application v will
be the sound file the user wants to play, for example a music file. The xd,ref signal
can be understood as what the output signal from the system should look like if
all nonlinearities are cancelled, and hence works as the reference signal to the
linearising controller. The model in the controller is nonlinear and depends on
the state xd which has to be fed back from the system. The controller determines
the control signal uref . Since the system is modelled without the amplifier, the
signal has to be compensated for this. Under the assumption that the amplifier
is a linear, stable system, it is enough to scale the signal with the inverse of the
amplifier gain, giving the signals uref and u the same amplitude.

The controller is an inverse of the nonlinear model, generating the signal that
has to be used as input in order to get the desired signal xd,ref as output. As
discussed in Chapter 1, the state xd will only be observable during Phase I. In
order to get the controller to work in Phase II, it is necessary to make it indepen-
dent of feedback of xd . Assuming that the model is accurate and the controller
is working properly, the state xd will follow the reference signal xd,ref closely.
Though it is not generally true, in this particular system it is possible to replace

55
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(a) The classical approach using state feedback.

(b) The approach used in this thesis, approximating the states by the reference
value.

Figure 5.1: Block diagram comparing the feedforward controller used in
this thesis with the feedback controller used for classical input-output lin-
earisation.

xd with xd,ref under the condition that the controller is good enough. Thus, the
only input needed will be the desired diaphragm position xd,ref . The resulting
controller, shown in Figure 5.1b, is no longer a feedback controller but a feedfor-
ward controller.

The state i is possible to measure also during Phase II. This can be used to imple-
ment a simple regulator or a more sophisticated state estimator to find an approx-
imation of xd , using for example Kalman filters as seen in Arvidsson and Karlsson
[2012]. In this thesis a different approach has been chosen, where feedback of i
is not used for state estimation, but to monitor and update the model used in the
feedforward controller. More details on the updating scheme are given in Chap-
ter 6, while this chapters focuses on feedforward controllers assuming that no
state is fed back.

5.2 Controller based on physical model

The steps for realizing a linearising controller presented in Section 3.4 requires
the model to be written on state space form. The model (3.11) can easily be
rewritten on this form by introducing the state vector

x[n] = [xd[n] xd[n − 1] xd[n − 2] u[n − 1]]T (5.1)
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giving

x[n + 1] =


A1(xd) A2(xd) A3(xd) A4(xd)

1 0 0 0
0 1 0 0
0 0 0 0

 x[n] +


B1(xd)

0
0
1

 u[n]

(5.2)

where the parameters are nonlinear and depend on xd as

A1(xd) = −σxBl(xd[n])2

Re

2
Ts
− a1 − a0 − σxk(xd[n])

A2(xd) =
σxBl(xd[n])2

Re

2
Ts
− a0a1 − a2 − σxa0k(xd[n])

A3(xd) = −a0a2

A4(xd) = a0
σxBl(xd[n])

Re

B1(xd) =
σxBl(xd[n])

Re

The diaphragm displacement can be seen as the output from the system, making
xd correspond to the output denoted y in Section 3.4. This gives

y[n] =
[

1 0 0 0
]
x[n] (5.3)

When the model is on this form, it can easily be seen that

δy[n]
δu[n]

= 0 (5.4)

Since the derivative is zero, there is not yet any input-output link established and
hence the next step is computed according to (3.19) as

y[n + 1] =
[

1 0 0 0
]
x[n + 1]

=
[

1 0 0 0
] 


A1 A2 A3 A4
1 0 0 0
0 1 0 0
0 0 0 0

 x[n] +


B1
0
0
1

 u[n]


=

[
A1 A2 A3 A4

]
x[n] + B1u[n] (5.5)

This gives

δy[n + 1]
δu[n]

= B1 , 0 (5.6)

and thus an input-output link is established. By inverting the relationship de-
fined between u[n] and y[n + 1], an equation specifying the voltage needed to
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produce a certain displacement of the diaphragm is given,

u[n] =
Re

σxBl(xd[n])

{
y[n + 1]

+
(σxBl(xd[n])2

Re

2
Ts

+ a1 + a0 + σxk1(xd[n])
)
xd[n]

+
(
− σxBl(xd[n])2

Re

2
Ts

+ a0a1 + a2 + σxa0k(xd[n])
)
xd[n − 1]

+ a0a2xd[n − 2]

− a0
σxBl(xd[n])

Re
u[n − 1]

}
By delaying everything one sample and replacing y[n] by xd,ref [n], xd[n] by xd,ref [n]
and u[n] by uref [n], the nonlinear control law can be defined as

uref [n − 1] =
Re

σxBl(xd,ref [n − 1])

{
xd,ref [n]

+
(σxBl(xd,ref [n − 1])2

Re

2
Ts

+ a1 + a0 + σxk1(xd,ref [n])
)
xd,ref [n − 1]

+
(
−
σxBl(xd,ref [n − 1])2

Re

2
Ts

+ a0a1 + a2 + σxa0k(xd[n − 1])
)
xd,ref [n − 2]

+ a0a2xd,ref [n − 3]

− a0
σxBl(xd,ref [n − 1])

Re
uref [n − 2]

}
(5.7)

As can be seen from the fact that xd,ref [n] is needed to compute uref [n − 1], the
sample uref [n − 1] cannot be computed until time n, meaning that the controller
will introduce a delay of one sample to the system. However, since the discrete
control of the system is running at several kHz this delay will hardly be noticeable
for the user.

5.2.1 Effects on THD from the physical controller

To test the effects on the distortion by the controller, the parameters estimated as
described in Sections 4.3.1 and 4.3.4 about physical modelling were used. The
signals used for testing were sine signals at different frequencies. Before estimat-
ing the THD, the first 1000 samples of the signal were removed to avoid the effect
of transient behaviours such as overshoot.

In order to see the effect on the nonlinear dynamics, the gain was turned up to
give a large displacement of the diaphragm. As can be seen in Figure 5.2, the dis-
placement for a given input increases as the resonance frequency is approached,
meaning that displacement for the highest frequency in the test sets the limit
for the gain. It can also be seen that the amplitudes for the uncontrolled and
controlled case are approximately the same for each frequency, although the con-
troller caused the amplitude to change in an oscillative manner with increased
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frequency. The values in the figure were measured during the experiment where
the model PM2-2 was tested on Speaker 4, but the values for the other experi-
ments were very similar.

During the testing, the linear parameters used in the models in the controller
were the ones estimated for the loudspeaker unit to be controlled according to
the method described in Section 4.3.1. The nonlinear parameters were the ones
estimated and presented in Section 4.3.4. Each of the four nonlinear parameter
sets was tried on each of the four speakers for frequencies 50 Hz apart between
250 and 750 Hz. The results can be seen in Figures 5.3 - 5.6.

As can be seen it was possible to decrease the THD for frequencies up to approx-
imately 700 Hz. The THD for lower frequencies was decreased more than that
for higher frequencies, although the remaining distortion was still higher for low
frequencies. As is evident from the plots, not all parameter sets gave equally
good results. The set of nonlinear parameters estimated from Speaker 1 did not
decrease the THD for any speaker, but instead increased it considerably, as can
be seen in Figure 5.3. The parameter set estimated from Speaker 2, on the other
hand, significantly decreased the THD for all four loudspeakers, as shown in Fig-
ure 5.4. At 300 Hz, the THD was reduced with over 60 % by model PM2-2 on
Speaker 2. It can however be seen that not all speakers were equally easy to con-
trol. For Speaker 3 and Speaker 4, the distortion decreased for all parameter sets
except those estimated on Speaker 1, shown in Figure 5.3. For Speaker 1, only
the parameters estimated for Speaker 2 could decrease the THD over the whole
frequency range.

It is interesting to note that the parameter set estimated on one loudspeaker unit
is not necessarily the one that works the best when it comes to control. For exam-
ple, PM1-2 reduces the THD in Speaker 1, as can be seen in Figure 5.4a, while
PM1-1 increases the THD for lower frequencies on Speaker 1, as can be seen in
Figure 5.3a. This indicates that the estimation does not always give the param-
eters that are ideal for control. It is, however, possible to find a parameter set
that will work on several different loudspeaker units following the estimation ap-
proach in Section 4.3.4. This is shown by the fact the nonlinear parameter set
estimated for Speaker 2 seem to work on all loudspeaker units.

It was noted in Section 4.3.4 that the values obtained through estimation for
k1(xd) were not consistent from one data set to another, but that they were also
so small that the impact on the model was very limited. This was tested by sub-
stituting the parameters of k1(xd) with [0, 0, 0] and testing the controller with all
other settings unchanged. No difference could be seen in the THD or the Fourier
transform of the signal xd , and it can hence be assumed that it is the polynomial
in Bl(xd) alone that reduces the distortion.
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Figure 5.2: The maximum displacement in diaphragm position during each
of the test signals without controller (dashed line) and with controller (solid
line). Since the frequencies investigated are all below the resonance fre-
quency, the displacement increases with increased frequency. These num-
bers were recorded in the experiment when parameters from Speaker 2 were
used to control Speaker 4.

5.2.2 Effects on IMD from the physical controller

IMD is measured using a two-tone sinusoidal as input and looking for compo-
nents that have been introduced in the output at frequencies which are sums or
differences of the two frequency components in the input signal. Here, the signal
used as input is a double sine with components at 300 and 400 Hz.

The two-tone signal was put into Speaker 3, both without controller and with
controllers based on the four different nonlinear parameter sets found in Sec-
tion 4.3.4. The Fourier transform of the output signals measured by the micro-
phone is shown in Figures 5.7 and 5.8. In the figures, the harmonic distortion can
been seen as components added at 600 Hz and 900 Hz, caused by the fundamen-
tal at 300 Hz, and at 800 Hz and 1200 Hz, caused by the fundamental at 400 Hz.
There are also components at 700 Hz, 1000 Hz and 1100 Hz, corresponding to in-
termodulation distortion. Theoretically, there should also be a component at 100
Hz, but this is suppressed by the high-pass filtering effect of the system and can
thus not be seen in the figures. The figures show that the IMD is significantly de-
creased by the controller in all cases except when the parameters estimated from
Speaker 1 are used. Similar results were achieved for other loudspeaker units.
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(a) Model PM1-1 on Speaker 1 (b) Model PM2-1 on Speaker 2

(c) Model PM3-1 on Speaker 3 (d) Model PM4-1 on Speaker 4

Figure 5.3: The level of THD detected in the signals from the microphone on
different micro loudspeakers without a controller (dashed line) and with a
controller (solid line) using nonlinear parameters estimated from Speaker 1.
Note that the y axis scale is different compared to the plots for the other
parameter sets and that the controller increased the THD in this case.
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(a) Model PM1-2 on Speaker 1 (b) Model PM2-2 on Speaker 2

(c) Model PM3-2 on Speaker 3 (d) Model PM4-2 on Speaker 4

Figure 5.4: The level of THD detected in the signals from the microphone on
different micro loudspeakers without a controller (dashed line) and with a
controller (solid line) using nonlinear parameters estimated from Speaker 2.
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(a) Model PM1-3 on Speaker 1 (b) Model PM2-3 on Speaker 2

(c) Model PM3-3 on Speaker 3 (d) Model PM4-3 on Speaker 4

Figure 5.5: The level of THD detected in the signals from the microphone on
different micro loudspeakers without a controller (dashed line) and with a
controller (solid line) using nonlinear parameters estimated from Speaker 3.
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(a) Model PM1-4 on Speaker 1 (b) Model PM2-4 on Speaker 2

(c) Model PM3-4 on Speaker 3 (d) Model PM4-4 on Speaker 4

Figure 5.6: The level of THD detected in the signals from the microphone on
different micro loudspeakers without a controller (dashed line) and with a
controller (solid line) using nonlinear parameters estimated from Speaker 4.
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(a) Model PM3-1 on Speaker 3

(b) Model PM3-2 on Speaker 3

Figure 5.7: The frequency contents of the signals from the microphone on
Speaker 3, without a controller (dashed line) and with a controller (solid
line) using different nonlinear parameters. The input signal components at
300 and 400 Hz are reproduced in the output, but additional components
are introduced.
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(a) Model PM3-3 on Speaker 3

(b) Model PM3-4 on Speaker 3

Figure 5.8: The frequency contents of the signals from the microphone on
Speaker 3, without a controller (dashed line) and with a controller (solid
line) using different nonlinear parameters. The input signal components at
300 and 400 Hz are reproduced in the output, but additional components
are introduced. (Continued)
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5.2.3 Robustness concerning linear parameters

In the tests above, the nonlinear parameters were varied so that each set of non-
linear parameters was tested on each of the loudspeakers. The set of linear pa-
rameters was, however, fixed to the set specially estimated on the particular loud-
speaker unit. In a commercial application it will not be possible to estimate such
a parameter set for every single unit, but estimation can only be done once per
model or per batch. Even if an adaptive algorithm is implemented, some time
will be needed before it has been able to adapt to the particular loudspeaker unit.
Until then, the controller will run on parameters estimated for some other loud-
speaker unit, making it interesting to test how this affects the performance.

As can be seen in Figure 5.9, the impact of using the ”wrong” set of linear pa-
rameters is not very large, although the parameters estimated for the same loud-
speaker unit as the implementation is done give better results. It can also be
noted that using the parameters from Speaker 4 on Speaker 3 worked better then
using the parameters from Speaker 1 or 2.

5.2.4 Robustness concerning nonlinear parameters

Having tested the robustness concerning linear parameters, the question arises
whether the controller is also reasonably robust when it comes to the nonlinear
parameters. To test this, the parameters Bl0 − Bl5 were in turn varied up to 20 %
and the controller was tested on one 300 Hz sine signal and one 500 Hz sine
signal. The measured level of THD was compared to the level of THD without
a controller and the difference can be seen in Tables 5.1 and 5.2. Since it was
found that k1(xd) does not effect the controller, only the parameters in Bl(xd)
were varied. In order to limit the number of tests, the parameters were only
varied one by one.

The tables show how much the THD was decreased for each parameter set, com-
pared to the level measured without a controller. Judging from the tables, the
impact of variations in the nonlinear parameters is not dramatic and the con-
troller can be considered rather robust. Looking at the column for 0 % variation,
it can be concluded that the measured level of THD is stochastic with some varia-
tion since measurements in this column are made under the same conditions, but
the detected level of THD still differed. This means that the rest of the values in
the tables are also stochastic and a rather big difference is needed before it can
be guaranteed that it is a reflection of an actual change in the performance of the
controller. It can also be seen from the tables that the optimal values of the pa-
rameters vary with frequency. At 300 Hz, decreasing the parameter Bl0 by 20 %
gives a less efficient controller reducing THD only by 6.3 % rather than 8.5 %.
However, at 500 Hz a decrease in Bl0 improves the controller, making it reduce
THD by 2.3 % instead of only 1.5 %.

5.2.5 Robustness concerning signal amplitude

As has been discussed before, the nonlinear behaviour is more noticeable for a
large displacements of the diaphragm, meaning that the control is mainly needed
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(a) Model PM1-3 on Speaker 3 (b) Model PM2-3 on Speaker 3

(c) Model PM3-3 on Speaker 3 (d) Model PM4-3 on Speaker 3

Figure 5.9: The level of THD detected in the signals from the micro-
phone on Speaker 3 without a controller (dashed line) and with a controller
(solid line). The set of nonlinear parameters used were those estimated for
Speaker 3.

Table 5.1: The amount by which the THD of a 300 Hz sine signal was
changed by a controller where the parameters had been changed by the
amount indicated in the first row. All values are in percentage points. The
THD without a controller was 21.2 %.

-20 % -10 % -5% -1% 0 % 1% 5% 10% 20%
Bl0 -6.3 -7.3 -7.7 -8.2 -8.5 -8.7 -7.2 -8.2 -8.6
Bl1 -7.8 -7.8 -7.9 -8.7 -8.6 -8.6 -8.2 -8.2 -8.3
Bl2 -7.1 -7.4 -6.8 -8.5 -8.5 -8.5 -8.3 -8.7 -9.1
Bl3 -7.6 -7.1 -6.9 -8.3 -8.5 -8.3 -8.1 -8.2 -8.1
Bl4 -7.4 -7.6 -7.6 -8.4 -8.3 -7.4 -7.0 -7.8 -7.9
Bl5 -7.7 -7.7 -7.8 -8.1 -8.2 -8.1 -8.0 -8.0 -8.0
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Table 5.2: The amount by which the THD of a 500 Hz sine signal was
changed by a controller where the parameters had been changed by the
amount indicated in the first row. All values are in percentage points. The
THD without a controller was 7.3 %.

-20 % -10 % -5 % -1 % 0 % 1 % 5 % 10 % 20 %
Bl0 -2.3 -1.9 -1.7 -1.4 -1.4 -1.4 -1.7 -1.5 -1.6
Bl1 -1.7 -1.7 -1.7 -1.5 -1.5 -1.5 -1.3 -1.2 -1.1
Bl2 -1.6 -1.6 -1.6 -1.5 -1.6 -1.5 -1.4 -1.4 -1.4
Bl3 -1.3 -1.3 -1.4 -1.6 -1.6 -1.6 -1.5 -1.4 -1.3
Bl4 -1.3 -1.3 -1.3 -1.5 -1.5 -1.5 -1.5 -1.4 -1.4
Bl5 -1.3 -1.3 -1.4 -1.4 -1.4 -1.4 -1.3 -1.3 -1.3

for signals causing large displacements. However, signals such as music or speech,
which are likely to be used in an application, contain a mixture of frequencies
and amplitudes. Hence, it is important that the controller not only improves the
sound quality for high amplitudes, but also that is does not lower the quality for
low amplitudes.

Figure 5.10 shows the THD measured with and without a controller at several
frequencies. Using a sine signal as input, the gain was adjusted to make the
peak displacement of the diaphragm 0.05, 0.1, 0.15, 0.20 and 0.25 mm in turn.
The figure shows that the physical model decreases the THD the most at lower
frequencies, around 300 Hz, where the THD is decreased also for small displace-
ments. For very small signals however, causing a displacement smaller than 0.1
mm, the controller increases the THD rather than decreases it. At 500 Hz, the
THD again increases slightly for the smallest signals, but decreases for signals
causing a displacement larger than 0.1 mm. The decrease is, however, smaller
at 500 Hz than at 300 Hz. At 700 Hz there is hardly any difference between the
cases with and without controller.

5.3 Controllers based on black-box models

In the black-box case, there is already an input-output link in the model, meaning
that a controller can be achieved by inverting the transfer function from u to xd .
Figure 5.11 shows the structure of this controller. Alternatively, a model can be
estimated directly from xd to u, avoiding the inversion step. Both approaches
have been evaluated and are presented in turn in this section. Both approaches
lead to a controller with a Wiener structure.

5.3.1 Inversion of estimated Hammerstein model

By using a nonlinear black-box model from the voltage u to the excursion xd and
inverting it, a feedforward controller that compensates for the system’s nonlinear-
ities was obtained. The inversion of the model was made in Matlab. In order to
invert the polynomial, a curve fitting toolbox was used, opened by the command
cftool. For more details, see Appendix B.
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(a) 300 Hz (b) 500 Hz

(c) 700 Hz

Figure 5.10: The level of THD detected in the signals from the microphone
as a function of the maximum displacement of the diaphragm without a
controller (dashed line) and with a controller (solid line). The experiments
were done on Speaker 3 using model PM3-3. The input was sine signals at
300, 500 and 700 Hz.

Figure 5.11: Block diagram of the black-box feedforward controller.
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A controller based on model BM1-u in Section 4.4.3 was evaluated. When imple-
menting the controller, the same set-up as in the case of the physical controller
was used. Single-tone sine signals were used as inputs and the THD from the
microphone was measured. The performance of the controller is illustrated in
Figure 5.12. Note that the scales of the axes are different in Figures 5.12a-5.12d.
The frequency range has been chosen in order to fully illustrate the result of the
controller, which manages to decrease the THD between 200 and 500 Hz for all
loudspeakers, even though it is not obvious in Figures 5.12c-5.12d. The decrease
is more significant for lower frequencies for all loudspeakers. For frequencies
over 500 Hz the controller caused the THD to increase slightly rather than de-
crease.

Model BM2-u was also inverted and used as feedforward controller, but it did
not manage to decrease THD during tests. This model was estimated from data
of type white-noiseB instead of multi-sineB, which can be the explanation to the
poor results. Since BM1-u performed better, BM2-u was not investigated further.

(a) Speaker 1 (b) Speaker 2

(c) Speaker 3 (d) Speaker 4

Figure 5.12: The level of THD detected in the signals from the micro-
phone on different micro loudspeakers without controller (dashed line) and
with the black-box feedforward controller (solid line) calculated from model
BM1-u. For each loudspeaker, the frequency range on the x-axis has been
chosen in order to fully illustrate the result of the controller.

In the same manner as in the physical case, the gain was turned up to give a
large displacement of the diaphragm, but limited by the excursion of the highest
frequency. An example of which values the maximum displacement of the di-
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aphragm had during the measurements of THD is shown in Figure 5.13. The val-
ues are taken from Speaker 2, but the figures in the other experiments looked al-
most the same. The maximum excursion xd was adjusted to be approximately the
same for the four cases in order to get comparable results for the speakers. When
controlling the system, the maximum displacements were higher compared to
the uncontrolled case. In general, the values were approximately 0.01 mm higher,
which is significant since the diaphragm position moves within ± 0.3 mm. Big-
ger displacement is known to generate a higher level of THD, which had to be
considered when analysing the results.

Figure 5.13: The maximum value of the excursion xd without controller
(dashed line) and with controller (solid line).

5.3.2 Estimated Wiener model

As was discussed in Section 4.4.5, the inversion of the model is sometimes com-
plicated. Therefore, model BM3-x from Section 4.4.5, estimated with xd as input
and u as output, was used as feedforward controller and evaluated. The results
are given in Figure 5.14. This approach seems to generate a feedforward con-
troller that also successfully decreases the THD between 200 and 500 Hz.

Comparing Figures 5.12 and 5.14, it can be seen that both controllers perform
well. The controller based on a model from u to xdworks better for very low fre-
quencies, around 200 Hz, but for higher frequencies the difference is very small.
Given that it is easier to estimate directly from xd to u, since the inversion is
avoided, this approach is probably the better of the two.

5.3.3 The effect of the black-box controller on IMD

In the same way as in Section 5.2.2, an analysis of the effect of the black-box con-
trollers on IMD was made. An input signal containing two sine tones at 300 and
400 Hz was used to generate an uncontrolled and a controlled output in the two
cases of BM1-u and BM3-x. The frequency contents of the output signals are
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(a) Speaker 1 (b) Speaker 2

(c) Speaker 3 (d) Speaker 4

Figure 5.14: The level of THD detected in the signals from the microphone
on different micro loudspeakers without feedforward (dashed line) and with
the black-box feedforward controller (solid line) based on the model BM3-x.
For each loudspeaker, the frequency range on the x-axis has been chosen in
order to fully illustrate the result of the controller.
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shown in Figure 5.15. The output signals contain the two fundamental frequen-
cies, but also higher harmonics and intermodulation distortion. The feedforward
controllers based on model BM1-u and BM3-x both manage to decrease the mag-
nitudes of the higher harmonics and intermodulation distortion, even though it
is not as clear as in some of the cases with a physical controller.

5.3.4 Robustness of the black-box models

When evaluating the robustness of the black-box models, the parameter values
were not changed like in the case of physical models One reason for this is that
in the case of black-box controllers, each parameter will not be updated during
application and there is therefore no risk for suddenly obtaining an unstable con-
troller. The updating strategies of both physical and black-box models will be dis-
cussed in Chapter 6. Another reason is that the black-box models are estimated
as sets of linear and nonlinear parameters together and cannot be combined in as
many ways as the physical models. For this reason, robustness tests concerning
the parameters have not been carried out for the black-box case.

In order to make the two approaches comparable, it is interesting to se how the
performance of the controller based on a black-box model is affected by the ampli-
tude of the diaphragm displacement. To see this the THD was measured for sig-
nals causing different maximum displacement and at different frequencies, just
as was done for the physical model in Section 5.2.5. The results can be seen in
Figure 5.16, and show that quite large signals are required to get a positive ef-
fect from the controller. At 300 Hz, the controller decreased the THD for signals
causing displacements larger than 0.15 mm. At 500 Hz, the controller actually
increased the THD for signals causing displacements smaller than 0.20 mm, and
at 700 Hz the controller increased the THD for all amplitudes. The result for
700 Hz was expected, since it has previously been shown that the controller only
has a desired effect in the span 200-500 Hz.
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(a) Model BM1-u on Speaker 3

(b) Model BM3-x on Speaker 3

Figure 5.15: The frequency contents of the signal from the microphone on
Speaker 3, without a controller (line with dots) and with a controller (line
with crosses). The input signal components at 300 and 400 Hz are repro-
duced in the output, but additional components are introduced.
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(a) 300 Hz (b) 500 Hz

(c) 700 Hz

Figure 5.16: The level of THD detected in the signals from the microphone
as a function of the maximum displacement of the diaphragm without a
controller (dashed line) and with a controller (solid line). The experiments
were done on Speaker 3 using model BM1-u. The inputs were sine signals at
300, 500 and 700 Hz.



6
Adaptive controller design

In this chapter, methods for updating the model are discussed. The aim is to
make the controller to work in varying conditions and on different loudspeaker
units.

6.1 The need for adaptive control

The controllers derived in Chapter 5 are feedforward controllers, a controller
type that is not very robust to changes in the system or environment. The con-
troller will work fine as long as the model on which it is based is accurate enough,
a situation that is possible in theory but quite rare in practice. Since there are
differences between loudspeaker units due to manufacturing tolerances, the con-
cept of using pure feedforward control would require a model to be estimated
specifically for every unit that should be controlled, leading to very high imple-
mentation costs. Moreover, in the case of loudspeakers, the system is known to be
time-varying, implying that even if the model is very accurate at the beginning,
the system will change with time causing a discrepancy between the model and
the system.

The problems mentioned above make it clear that pure feedforward control is in
practice not an option for this application. However, as discussed in Chapter 3,
adding all sensors needed in order to get complete state feedback in Phase II is not
possible either. What can be done is a compromise between the two; the partial
state feedback that can be achieved by cheap sensors, in this case the current i,
can be used to update the model used in the controller. The exact implementation
of this approach depends on the model used and whether there is a connection
between the transfer function from u to xd and the transfer function from u to i.

77
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For this reason, controllers based on physical models and those based on black-
box models will be discussed separately.

6.1.1 Adaptive control in mobile phones

As discussed in Chapter 3, adaptive algorithms are often implemented recur-
sively since this reduces the complexity of the hardware needed as compared to
computing the parameters by non-recursive system identification algorithms on
longer data series. However, the technology discussed in this thesis is meant to
be implemented on devices such as mobile phones or tablets, where certain hard-
ware is already available. This changes the situation somewhat since the focus
is shifted from minimizing the total hardware required to minimizing the extra
hardware required to implement the controller. In this particular case batchwise
updating is preferable, since the hardware already available is relatively fast but
has to be shared between several processes, usually by time slots. A recursive
algorithm needs to be carried out sample by sample and can thus not take advan-
tage of a processing unit that is only available in certain time slots, meaning that
dedicated hardware would have to be added. Along with other disadvantages of
recursive IIR-filters, such as slow convergence and risk for instability, this makes
clear that batchwise updating is the more suitable option.

6.2 Adaptive algorithms for physical models

In the case of physical models, the model from u to xn in (3.11) and the model
from i to u in (3.27) have many parameters in common. This means that these
parameters can be estimated from i and u and then used to update the model
from u to xd .

6.2.1 Error function

The relationship between i and u described in (3.27) can be used to calculate a
signal ue from the measured signal i. This can be compared to the measured
signal u, giving the error function

ε[n] = u[n]−ue[n]

= u[n]

−
(
Re + σuBl(0)2

)
i[n]

− Rea1i[n − 1]

−
(
Rea2 − σuBl(0])2

)
i[n − 2]

+ a1u[n − 1] + a2u[n − 2] (6.1)

The linear parameters θ = [Re Bl(0) a1 a2] for the physical model between
i and u can thus be estimated by the system identification method described in
Section 3.1.3 letting the error signal ε be the difference between the measured
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and the estimated voltage, i.e.,

ε[n, θ] = u[n] − ue[n, θ] (6.2)

The parameter σu is not one of the estimated parameters since it depends on
a2 according to the expression (3.23). Figure 6.1 shows σu as a function of a2
according to (3.22) and the approximation on the form of (3.17) truncated to the
first four terms. The parameter σx cannot be estimated from (3.27), but it can be
found from a1, a2 and Kms according to (3.22).

Figure 6.1: σu as a function of a2 according to (3.22) (solid line) and the
approximation according to (3.17) (dashed line). The fit is good for values
of a2 close to 1, which is close to the value a2 has in physically realizable
systems.

The stiffness parameter Kms is not updated in Phase II either but if Kms does not
change dramatically with time or between units, it might be acceptable to use the
initial values determined in Phase I without too much loss in performance. The
parameter Mms, needed in the expression (3.23), represents the mass which is
reasonable to assume static and the parameter Ts representing the sample period
is assumed to be known.

Given that these equations are available, a feedforward controller can be com-
bined with an update algorithm to form a sort of adaptive system as seen in
Figure 6.2. The updating is not done sample by sample as in a classical feedback
loop. Instead, a number of samples of the signals u and i are buffered and used in
a batchwise parameter estimation. This is done at a much lower rate than the con-
trol system’s operating frequency. What rate is needed in order to track changing
parameters and which initial parameters to use until the first estimation is done
depends on the rate of the parameter drift and the spread in parameters from
unit to unit.
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Figure 6.2: Block diagram illustrating how the control system is extended
with an adaptive loop working at a much lower rate.

6.2.2 Parameter spread and drift

A relevant question is how much and how fast the parameters drift in the actual
loudspeakers. The condition that is likely to change most rapidly is temperature,
not so much due to changes in the external environment but because part of the
power in the loudspeaker is transformed into heat, making the loudspeaker heat
itself when in use. Unpublished research carried out by Opalum shows that for
extreme cases, the temperature can rise very rapidly but in more average cases
the time constants of the temperature dynamics have the magnitude of seconds.

It is also interesting to know how much the parameters vary between units of the
same loudspeaker model. The linear Thiele-Small parameters estimated using
the method described in Section 4.3.1 on different loudspeaker units are shown
in Table 6.1. The relative error is shown in Table 6.2. The loudspeakers are all
of the same type but belong to different batches; Speakers 1, 2 and 8 belong to
one batch and Speakers 3, 4, 5, 6 and 7 to another. From Figure 6.3 it is clear
that the variation of the parameters between batches is larger than that within
batches. It can also be seen that variation differs between batches since values for
loudspeakers in the second batch are much more similar to each other than those
in the first batch. Apart from the value for Bl in Speaker 3, values are within 20 %
of the mean for the batch and within 40 % of the total mean. The parameters Bl
and Rms seem to be the ones with the most variation.

Translating the variation in the continuous-time parameters to variation in the
discrete-time parameters is not a straightforward process since the discrete pa-
rameters also depend on the sampling time. Using the same sampling frequency
as in Table 4.2, the difference of the corresponding values are shown in Table 6.3.
The parameters Re and Bl are the Thiele-Small parameters, so the variation is the
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Table 6.1: The Thiele-Small parameters estimated for different loudspeaker
units.

Speaker
nr

Re Le Bl Kms Mms Rms

1 6.45 0.00058 0.69 2555 6.91 · 10−5 0.13
2 6.57 0.00067 0.39 2313 6.18 · 10−5 0.14
3 7.84 0.00084 0.96 2752 9.05 · 10−5 0.18
4 7.88 0.00091 0.97 2776 8.92 · 10−5 0.16
5 8.12 0.00083 0.96 2677 8.79 · 10−5 0.20
6 8.15 0.00093 0.91 2530 8.44 · 10−5 0.18
7 8.18 0.00079 0.95 2540 8.87 · 10−5 0.20
8 6.54 0.00061 0.68 2423 6.82 · 10−5 0.10
Mean 7.47 0.00077 0.81 2570 8.00 · 10−5 0.16

Table 6.2: The difference between the value estimated for each speaker and
the mean value for the Thiele-Small parameters as a percentage of the mean
value over all speakers.

Speaker
nr

Re Le Bl Kms Mms Rms

1 -14 % -25 % -15 % -1 % -14 % -20 %
2 -12 % -13 % -52 % -10 % -23 % -13 %
3 5 % 10 % 18 % 7 % 13 % 13 %
4 6 % 18 % 20 % 8 % 12 % -2 %
5 9 % 8 % 18 % 4 % 10 % 23 %
6 9 % 20 % 12 % -2 % 6 % 13 %
7 10 % 2 % 17 % -1 % 11 % 23 %
8 -12 % -20 % -17 % -6 % -15 % -36 %

Figure 6.3: The values from Table 6.1 illustrated graphically. Speakers 1, 2
and 8 are from the same batch, the others are from another batch.
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same as in Table 6.2. The parameter σx varies a lot from unit to unit while the
values of a1 and a2 are quite stable. Looking at the model robustness in Table 4.2,
this is reassuring since the tolerance for variation in a1 and a2 is small, while the
performance is more robust concerning variations in σx. The fact that no variance
was found in the parameter a0 is explained by the fact that the value 0.85 is set
manually for stability reasons, according to the theory presented in Section 3.2.3.
Comparing Tables 4.2 and 6.3 it can be seen that for all parameters except σx and
Bl, the variation is within the stability margins evaluated in this thesis. As for
σx, variations between loudspeaker units as high as ± 60 % are seen in Table 6.3
while the model was only tested for variations up to ± 20 % in Table 4.2. The
parameter Bl shows a bigger variation only for Speaker 3.

In order to see how much effect the linear parameters had on the controller’s
performance, models PM6-2 and PM2-2 were tested on Speaker 4. The linear
parameter sets 2 and 6 were chosen because the linear parameters of Speakers
2 and 6 are those that show the biggest difference compared to Speaker 4. The
nonlinear parameter set 2 was chosen because it was the set that showed the
best result in the experiments where the controllers were tested, presented in
Chapter 5. The results of these experiments, as can be seen in Figure 6.4, show
that even though the difference in σx between Speaker 6 and Speaker 4 is rather
big, this does not have much impact on the performance. However, it seems as if
the difference in other parameters matters more, since the model PM2-2 performs
slightly worse for high frequencies. It should be noted that the controller is still
stable and that it still performs well for lower frequencies.

(a) Model PM6-2 on Speaker 4 (b) Model PM2-2 on Speaker 4

Figure 6.4: The level of THD detected in the signals from the microphone on
Speaker 4 without a controller (dashed line) and with a controller (solid line)
using linear parameter sets that differ considerably from that of Speaker 4.

6.2.3 Results for the updating algorithm

In order to see how the updating function performed, experiments were done
where the controller were initiated with the linear parameters from another loud-
speaker. The THD was measured, then the updating algorithm was used to find
new linear parameters and the THD was measured again. Though the experi-
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Table 6.3: The difference between the value estimated for each speaker and
the mean value for the discrete-time parameters as a percentage of the mean
value over all speakers.

Speaker
nr

σx Re Bl a0 a1 a2

1 -26 % -14 % -15 % 0.0 % 0.1 % -0.8 %
2 -28 % -12 % -52 % 0.0 % -0.7 % 0.3 %
3 -45 % 5 % 18 % 0.0 % 0.1 % -1.1 %
4 -43 % 6 % 20 % 0.0 % 0.3 % -0.6 %
5 52 % 9 % 18 % 0.0 % -0.1 % 0.7 %
6 56 % 9 % 12 % 0.0 % 0.0 % 0.8 %
7 60 % 10 % 17 % 0.0 % -0.1 % 0.7 %
8 -26 % -12 % -17 % 0.0 % 0.5 % -0.1 %

ment was carried out on several loudspeakers and using several models, in most
cases the updating of the linear parameters did not make any difference, neither
to the better or to the worse. One of the few cases were a difference was noted is
shown in Figure 6.5 where the model PM2-2 is used to control Speaker 4. Before
updating, the controller does not perform very well for frequencies over 700 Hz.
After updating, the performance is improved. This shows that the updating algo-
rithm does have the desired effect, but that the controller is so robust concerning
the linear parameters that the updating is only needed in extreme cases.

(a) Before updating the linear param-
eters.

(b) After updating the linear parame-
ters.

Figure 6.5: The level of THD detected in the signals from the microphone
on Speaker 4 without a controller (dashed line) and with a controller (solid
line) using model PM2-2 before and after updating.

Another test was carried out to see how changes in the environment tempera-
ture affected the distortion and if updating the parameters would improve the
control. This was carried out by measuring the THD on a loudspeaker at am-
bience temperature, 20◦C, then heating the loudspeaker and making a new test
at 50◦C. At both temperatures, three tests were carried out. The THD was first
measured without a controller, then with a controller using the linear parameters
estimated in Chapter 4 and finally with a controller using parameters estimated
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by the updating algorithm just before the THD was measured. The results are
shown in Figure 6.6. It can be seen that the controller is less efficient at higher
temperatures and it seems as if the updating algorithm does not decrease the tem-
perature dependency. Still, it should be noted that even though the controller is
less efficient at 50◦C, it does still reduce the THD.

The results show that updating using the model (6.1) gives reasonable values but
the adaptive controller does not work equally well over all temperatures. One
reason for this may be that the updating algorithm does not estimate parameters
that are accurate enough. Another reason might be that the linear parameters do
not affect the controller very much.

Figure 6.6: The THD measured in Speaker 3 at two different temperatures,
without a controller (solid bar), with a controller based on model PM3-3
(diagonally striped bar) and with a controller based on updated linear pa-
rameters (horizontally striped bar). The signal was a sine at 300 Hz.

6.3 Adaptive algorithms for black-box models

When the characteristics of a loudspeaker change, it can be detected by looking
at the impedance curves. Even though both magnitude and resonance frequency
differ for every loudspeaker unit, it is mainly the position of the resonance peak
that is of interest when analysing the characteristics, according to research at
Opalum.

Section 3.5.2 described the idea of using feedback from the voltage u and the
current i to determine the loudspeaker’s present behaviour and choose a suitable
controller from a pre-defined table. A short description of the theory of gain
scheduling was given and illustrated in Figure 3.4. Since there is a connection
between u, i and xd also in the case of black-box models, although it is not explicit
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or known, information from u and i can be used to pick the most suitable model
from u to xd from a table with several models.

The information from u and i can be used in several ways. One way is to measure
some sort of control variable, such as the average impedance, at the time a model
is defined and then associate the model with this variable. When the loudspeaker
is in use, the measured values of the signals i and u are used to calculate the real-
time value of this control variable and a controller is selected from the table based
on this value. Another way is to define models from u to i and from u to xd at the
same time and connect the two models, resulting in a library of model pairs. The
measurements of u and i are then used during application to determine which
model suits the system the best at the moment. Which method to use depends
on how easy the implementation is and what best suits the situation. Either way,
each control variable or model needs to be paired up in advance with a suitable
feedforward controller. The controllers do not have to have the same structure,
but a directory of complete different feedforward controllers can be used. Once
a control variable or model is found, the corresponding controller will be used.
In order to decide how often the controller needs to be updated, more tests and
experiments need to be done.

Figure 6.7 illustrates the structure of the updating process of the black-box con-
troller. Samples of u and i need to be stored in a buffer before deciding which
controller should be used. The main drawback of the approach described in this
section is that a solid study needs to be done in order to define on beforehand the
controllers that will be used during application.

Figure 6.7: The updating procedure of the black-box controller. The feed-
back from i and u is used to choose a suitable controller from a pre-defined
directory.

By editing Figure 6.2 and adding the black-box control update procedure, the
system structure in Figure 6.8 is obtained.

Figure 6.9 shows the impedance curves for five speakers that were used during
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Figure 6.8: A block diagram illustrating how the black-box control system
is extended with a feedback loop in order to keep the controlling process
updated.

experiments. As can be seen in the figure, their resonance frequencies differ.
The feedforward controllers based on model BM1-u and BM3-x worked on all of
the loudspeakers used in the figure. That indicates that any loudspeaker of the
same model type with a resonance frequency within the interval 800-1000 Hz,
illustrated in Figure 6.9, could be treated with the same feedforward controller.

Figure 6.9: The impedance curves of five different loudspeakers used during
experiments. Their resonance frequencies and magnitudes differ.

In order to determine the exact limits of the resonance frequency interval within
which a given model works, more tests on other loudspeakers need to be done.
Older and newer speakers have to be used as well as different environmental
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conditions. A test on Speaker 3 where a hair dryer was used for heating up the
system showed that the resonance frequency becomes lower with higher temper-
atures. Figure 6.10 illustrates the impedance curves of Speaker 3 at 25◦C and
45◦C. The feedforward controller worked equally well at the high and low tem-
perature.

Figure 6.10: The impedance curves of Speaker 3 at 25◦C (solid line) and at
45◦C (dashed line). The resonance frequency of the speaker at high temper-
ature is lower than the other case.

An exact resonance frequency interval for which the two black-box feedforward
controllers work was not determined during the work with this master’s thesis.





7
Summary and conclusions

In this chapter, the main findings are first summarized. After this, the results
and approaches are discussed along with suggestions for how they could be im-
proved. Finally, a conclusion of the thesis is given, followed by topics for further
investigation and possible continuations of this master’s thesis.

7.1 Summary of results

The experiments presented in Chapter 5 show that both controllers based on
physical models and those based on black-box models can be used to reduce dis-
tortion significantly. Both the THD and the IMD can be reduced, though not
completely removed.

The controllers were only effective for frequencies below the resonance frequency.
The controller based on the physical model showed a desirable effect for frequen-
cies in the range 250-700 Hz, while the controller based on a black-box model
showed good results in a slightly more narrow range, 200-500 Hz. The physi-
cal model also worked over a wider range of amplitudes, reducing the THD for
signals where the diaphragm is displaced more than 0.05 mm. To get a positive
effect from the controller based on the black-box model, the signals had to be
relatively large. For frequencies around 300 Hz a minimum diaphragm displace-
ment of 0.15 mm was needed and at 500 Hz the THD was only reduced for signals
causing a displacement over 0.20 mm.

In the physical case, the interpretation of the parameters made it possible to up-
date the linear parameters by using the transfer function between the current i
and the voltage u. Initial testing of this approach showed that parameters could
be estimated, but that the implementation did not improve the controller when
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it came to changes in temperature. When it came to making the controller work
on different loudspeaker units, some positive results were seen but the controller
was quite robust even without the updating scheme.

Implementing the physical controller is associated with some risk, since a varia-
tion as small as 1 % in the parameters a1 and a2 might cause instability. The fact
that updating is done batchwise rather than recursively greatly reduces the risk
of some outlier measurement giving an unreasonable value for a1 or a2, but the
controller has to be implemented more carefully when there is a risk of instabil-
ity. The physical model structure also requires a minimum sampling frequency
to be stable, while the black-box model structure has no such constraint.

Some issues were encountered when inverting the black-box models to design
a controller. The model needed to be of minimum phase and the polynomial
needed to be invertible. These issues could be avoided by estimating directly
from xd to u and thus avoid the inversion. In the black-box case, there is no
known relationship between the model and the impedance so a different updat-
ing scheme was needed. It was suggested that the feedback from the voltage
and the current could be used to choose the best controller from a library of pre-
defined controllers. If the black-box controller is updated in this way, there is
no risk that updating leads to an unstable controller, as long as the pre-defined
controllers are stable. The controller ought to work as long as the loudspeaker
unit is similar to the models used to create the controllers in the library, but the
parameters will not be tuned to an optimum.

It was also found that not all models that were estimated provided parameters
that could reduce distortion. Even though the model structure was the same,
some models worked better than others and some even made the system perform
worse. There did not seem to be any evident correlation between the model fit
and the performance when implemented as a controller.

7.2 Discussion

In theory, all distortion can be removed given that the model is good enough. Still,
in the experiments presented in this thesis, the output from the loudspeaker was
distorted even though a controller had been used, but the degree of distortion
was reduced significantly. This raises the question of whether the model could be
improved to remove more distortion.

In the case based on a physical model, one possibility is that the parameters that
were estimated are not globally optimal ones. There was some variation between
the parameters estimated from different data sets, even if the data sets were of
the same type and recorded on the same loudspeaker. This might be explained
by noise in the recordings or that the data sets were too short and thus did not
contain enough information. Another possibility is that there are more nonlinear-
ities in the system that were not addressed in the model structure. For example,
the nonlinear parameters Rms(ẋd) and Le(xd) might cause distortion, but they
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were not modelled and thus not compensated for by the controller. Yet another
possibility is that the shape of the nonlinearities could have been modelled better.
In this thesis, polynomials have been used but there are many more options such
as Gaussian sums, hysteresis models, etc.

Also in the black-box case, trying another nonlinear structure might improve the
performance. It might also be that one static nonlinear block is not enough but
that the model structure has to be extended with more nonlinearities.

The improvement achieved by implementing an updating algorithm on the phys-
ical controller was marginal, but perhaps this was because the linear parameters
were already quite similar. It is possible that no improvement was seen because
the variation in the parameters was within the robustness margins of the feedfor-
ward controller. If loudspeakers with larger differences were tested, the adaptive
controller would perhaps show better results than the static feedforward con-
troller.

When pure tones were played, the difference between the controlled an uncon-
trolled case was large enough at lower frequencies to be clearly distinguishable
by the human ear. When playing music, the content at the frequencies below
the resonance frequency is only a fraction of the total frequency content and the
difference is harder to hear. However, even if the improvement in sound quality
for this speaker model was small, the fact that distortion can be reduced opens
up for many opportunities when it comes to loudspeaker design. At the time be-
ing, an important aspect when designing loudspeakers is to minimize the effect
of nonlinearities. If the nonlinearities can be compensated by signal processing
and active control rather then by hardware design, the design can be focused
to improve other aspects, such as power efficiency. This is of course attractive
for loudspeakers designed for devices running on battery power, such as mobile
phones.

7.3 Conclusion

In this thesis it was found that a nonlinear controller reducing the distortion in
a micro loudspeaker could be designed using either a physical model based on
the Thiele-Small model or a black-box model with Hammerstein-Wiener struc-
ture. The two resulting controllers were both possible to extend with different
updating procedures to make them adaptive, but further investigation is needed
in order to tell if the control is actually improved by making the controller adap-
tive.

The controller based on a physical model was more efficient and worked over
a wider range of frequencies and amplitudes. However, unless certain limits
concerning the parameters and sampling frequency are observed, the controller
might become unstable. Since the parameters have to be allowed to change in
order for the automatic updating to work, some extra attention has to be paid to
stability issues when implementing this controller. These issues are not present



92 7 Summary and conclusions

in the controller based on a black-box model, but on the other hand the perfor-
mance of this is slightly inferior.

It was also found that there is a trade-off between the efficiency of the controller
and the bandwidth over which it works. Depending on the frequency content in
the data sets used for modelling, the controller can be designed either to reduce
the distortion to a great extent in a narrow frequency band or to reduce distortion
to a smaller extent over a wider frequency band.

7.4 Future work

One possible topic for further research would be to extend the discrete-time phys-
ical model to include the nonlinearity Rms(ẋd) and see if the controller can be
improved in this way. Since both Klippel [2005] and Bright [2002] agree that this
is one of the main nonlinearities in micro loudspeakers, it is possible that such an
extension of the model would give a controller that could decrease the distortion
more. Another possible extension of the physical model would be to include the
inductance, either as a linear parameter Le or a nonlinear parameter Le(xd). This
might improve the model at higher frequencies and possibly extend the range of
frequencies where the controller gives desired results. If the model is to work at
frequencies well above the resonance frequency, it is possible that the model also
has to include eddy currents.

More experiments need to be carried out to see if the updating schemes proposed
in Chapter 6 lead to any improvement. Initial tests of updating using the physical
model show that the algorithms can be carried out and give reasonable results,
but only marginal improvements have been seen.

Also, for implementation in a commercial device, some trimming of the algo-
rithms has to be done. In this thesis it has mainly been tested on white noise
signals, but in a commercial application this is perhaps not the type of signals
users would normally listen to, so tests have to be done to see how the updating
works using signals such as music or speech instead. It is likely that in that case
longer data sets will have to be used. It also has to be investigated how often the
parameters need to be updated. This will be a trade-off between sound quality
and computational power. Yet another aspect of the updating procedure is the
optimization algorithm that is used. In this thesis, the concept has been demon-
strated on a computer using standard functions from Labview and Matlab. The
algorithms used in those functions are designed to work over a wide range of ap-
plications and are not necessary the best algorithms to use in this case. In this
application, a good initial guess will always be available but the computational
power will be limited. This suggests that a somewhat more simple algorithm
might be a good choice.

In the black-box case, a scheme for updating the controller was suggested, but no
experiments have been done to confirm the performance of this method.

When evaluating different nonlinear black-box models from u to xd , the Ham-
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merstein structure was found to be the best, at least for this particular micro
loudspeaker model. As discussed in Section 3.3.2, it is assumed that the linear
parameters vary most over time. Therefore, it is possible that a static nonlinear
function would work for loudspeakers at all conditions, and that it is only the
linear part that needs to be updated. Since the Matlab function nlhw estimates
the linear and the nonlinear parts at the same time, the scaling between the two
blocks can be very different between models. The only thing the function nlhw
considers is the sizes of the input and the output. Therefore, one approach to eval-
uate in the future would be to first estimate OE models for different loudspeakers
and then add one static nonlinear function.
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A
Experimental set-up

The equipment used during the work of this thesis and the experimental set-up
are presented in this appendix.

A.1 Experimental set-up for measurement

Figure A.1: Setup during recording of system identification data.

The data used for the system identification Chapter 4 were obtained through the
set-up presented in Figure A.1. Signals were generated by a signal generation
software running on a computer and converted to a voltage output in a D/A
converter. The voltage signal was amplified and connected to the loudspeaker,
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giving the loudspeaker input u. The current in the voice-coil i was measured by
connecting a resistance in series with the voice-coil, measuring the voltage over
this resistance and using Ohm’s law to calculate the current. The displacement
of the diaphragm was measured by a laser sensor head and a microphone was
used to measure the acoustic pressure, that will be a function of the diaphragm
acceleration. This was used to compute the THD of the loudspeaker output.

A.2 Equipment

Figure A.2: The equipment used during recording of system identification
data.
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The micro loudspeaker used in this thesis is a 11x15x3.5 mm micro loudspeaker
with the specifications shown in Table A.1. During all experiments it was mounted
in a 1 cm3 closed box. The laser sensor used was a LK-G37 Sensor Head from
Keyence, with measuring range of ± 5 mm and a repeatability of 0.05 µm. The ref-
erence distance of 30 mm was adjusted by mounting the laser on a specially built
frame. The microphone was a ECM 8000 from Behringer mounted on a rod so
that the sensor was placed approximately 5 cm from the loudspeaker. The power
amplifier was a ART SLA-1 Studio Linear Amplifier. The signal acquisition card
and A/D-converter used was National Instruments USB-4431. All equipment is
shown in Figure A.2.

Table A.1: Specifications of the loudspeaker used according to the data sheet
Maximum displacement of diaphragm approx. 0.35 mm
Rated resistance (in free air) 7 ± 15 % Ω
Resonance frequency in 1cc box 880 ± 10 % Hz

Since the amplifier was not part of the objective system but still necessary for
the set-up, it was modelled as a linear gain followed by a function removing the
mean. The latter was done since the amplifier could not amplify DC signals.





B
Estimation algorithms

This appendix presents the algorithms for estimating the models used in this
thesis.

B.1 Algorithms for estimating physical parameters

The physical models were estimated in Matlab using the command lsqcurve-
fit running the trust-region-reflective algorithm for linear parameters and line-
search algorithm for nonlinear algorithms. Linear parameters were also esti-
mated in Labview using the Nonlinear Curve Fit LM bound VI, set to run the
Levenberg-Marquardt algorithm.

B.2 Algorithms for estimating black-box models

The black-box models were estimated in Matlab using the commands oe and
nlhw in the System Identification Toolbox. These two functions both create the
model and estimate the model parameters. The cost function used for minimiza-
tion was

VN =
N∑
n=1

l(ε[n])

where ε[n] is the difference between the measured output and the predicted out-
put of the model and l(ε[n]) = ε[n]2. The optimization algorithm used was non-
linear least squares with automatically chosen line search method.
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When inverting the polynomials in the Hammerstein models, the toolbox Curve
Fitting Tool, opened by the command cftool in Matlab, was used for getting
the inverse polynomial function. The desired signals for the x- and y-axis were
imported to the toolbox and plotted against each other. A polynomial function
of degree 5 was chosen and the toolbox estimated the parameters that gave the
best fit to the data.
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